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ABSTRACT

An empirical genetic programming (GP) model is developed to predict the performance of air and
water gap membrane distillation (AGMD and WGMD) processes. Feed temperature, T, feed concen-
tration, C,, feed flow rate, Q, and coolant flow rate, Q , were considered as input parameters, and
the permeate flux was considered to be the output. The gap width is kept constant for both configu-
rations (AGMD and WGMD) so the comparison between these two designs is based on the fixed gap
width. In order to evaluate the accuracy of model, the effects of operating factors on the permeate flux
were studied and compared to the experimental data. Moreover, some statistical analysis was done
and exhibited a good agreement between predicated and experimental results. Using the obtained
model, the impact of different variables on the process performance calculated and it was found
that T,, has the most important effect on the process performance. Finally, the optimum conditions
were found by Genetic Algorithm (GA) as: Q, = 4.512 L/min, Cf” ,=0145¢g/L, Tf =90°C, Q, =3.132
L/min with a maximum permeate flux of 38.972 L/m? h and 83.621 L/m?* h for AGMD and WGMD,

respectively.
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1. Introduction

As time goes by, the existence and supply of fresh water
for the human population on planet earth will become
an issue of great magnitude due to the scarcity of it [1-3].
More countries, especially those with already limited access
to freshwater resources, such as those in the Middle East
which only has access to less than 1% of the total existing
global drinkable water per capita, will be exposed to more
serious problems [4]. Therefore, one of the strategic options
to satisfy the current and future request for freshwater in
countries established around the Persian Gulf is to build up
desalination units which hence causes the immediate need
to construct economic units for water desalination to arise.
Nowadays, it has been proved that membrane separation
processes have several advantages for desalination and water
reuse of contaminated resources, in comparison to the con-
ventional separation methods [5-9]. Membrane distillation,
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which is a thermally driven separation process has emerged
particularly for desalination. A hydrophobic membrane
as a contactor media separates two fluids kept at different
temperatures where the separation is obtained by the mass
transfer of the pure vapor [10-12]. The partial vapor pressure
difference of sides of membrane which is caused by the tem-
perature difference is the driving force of the process [1,13—
16]. Significant benefits of MD includes: a very low effect of
feed concentration on the desalination performance, and the
theoretical ability to reach 100% salt rejection [1,13,17,18].
Typically, there are four types of membranes arrangements
for MD process: vacuum membrane distillation (VMD), air
gap membrane distillation (AGMD), direct or water contact
membrane distillation (DCMD or WGMD), and the sweep-
ing gas membrane distillation (SGMD) [17,19,20]. AGMD
configuration is appropriate for water desalination [21], on
the other hand water gap has exhibited a higher efficiency
and less heat loss in comparison to AGMD [17,22,23]. There-
fore, these two arrangements are commonly used for the sea-
water desalination.
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Toward making efficient and low-cost designs of mem-
brane separation processes, the development of mathe-
matical models to predict and optimize the membrane
separation performance would be useful [24-28]. The
mathematical models developed for any processes could
be obtained using two different methods: (1) Theoretical
models obtained from solving the governing equations of
process [9,16,29]. (2) Empirical models, which is also known
as black box modeling, does not need to investigate the
mechanisms of the process [20,30-32]. The superiority of
the empirical modeling compared to the theoretical models
is that it has the possibility to develop quickly the objec-
tive function using for process optimization [14]. Moreover,
empirical models are more accurate than theoretical ones
[33]. However, theoretical models have more generality
and once the model is obtained it can be applied to a wide
range of problems, but the black box models are usually just
applicable to a certain problem and has no generality.

Khayet and Cojocaru [31] developed an artificial neural
network model to predict the performance of AGMD pro-
cess. The air gap thickness, feed temperature, condensation
temperature and the flow rate of the feed were considered
as input parameters, whereas the objective function was the
performance index, which was defined as the permeate flux
times the salt rejection. Constructed model could describe
the process very well with a linear regression of 0.95 over
test data. In similar work [32], they used artificial neural
network, to model the sweeping gas membrane distillation
process.

Genetic programming (GP) as a branch of genetic
algorithm (GA) is a progressive method for repetitively
producing nonlinear input-output mathematical expres-
sions in any complex system has been used in a wide vari-
ety of applications such as medical, engineering, and etc.
[2,34-39]. Suh et al. [40] employed the GP for estimating
membrane damage in the membrane integrity test. They
used GP as an alternative approach to construct a model
to estimate the area of membrane breach while considering
other input data (fluorescent nano particle concentration,
the pure water permeance and transmembrane pressure).
Developed GP models predicted the area of the membrane
breach with a good agreement with the experimental data.
Shokrkar et al. [37] used GP for modeling the treatment
process of oily water by microfiltration membranes, they
considered the operating conditions including: concentra-
tion, trans-membrane pressure, temperature, and cross-
flow velocity as input variables and the permeate flux as
the output. They successfully showed that GP is capable to
describe the behavior of the system.

In the current study, for the first time we have applied
the GP technique for modeling and optimization of the
AGMD and WGMD processes. The impact of operating
variables on the permeate flux is also investigated which
would help to design an economic process. In order to
reduce experimental costs, experimental data in the work
of Khalifa [17], were used to develop and verifying the GP
models. four factors, namely, feed temperature, T, feed con-
centration, Cfee » feed flow rate, Qf and coolant flow rate, Q,
were considered as input parameters, whereas the objective
function was the permeate flux. Predictive models were
obtained based on GP, used for optimization of operating
conditions.

As mentioned above, Khayet and Cojocaru have used
neural network for modeling of AGMD [31], and SGMD
[32] processes, successfully. In order to demonstrate the
reliability of GP modeling tool in various MD processes,
the experimental data of these papers were extracted
and modeled by GP and compared to the neural network
results. Typically, GP exhibited a higher accuracy than neu-
ral network. The results of this comparison are presented in
Appendices A, B.

2. Genetic programming (GP)

GP which was introduced by Koza [41] for the first time,
is known as extension of the genetic algorithms, but aspect
of the system it is much more useful than genetic algorithm.
GP is a biologically inspired systematic approach for get-
ting computers to automatically solve a problem, and it is
based on natural rules that follow biological evolution [42].
Its mechanism is based on machine learning approach that
optimizes a mathematical expression due to a fitness bench-
mark [41]. GP is known as automatically defined function;
it means, it is able to find a mathematical function for a
certain problem, automatically [34]. The GP technique is
explicit and does not need conceptual designs [43]. Each
program in the GP is described by a tree. For example Fig. 1
shows a representation of the function tree for f(a, b) = sin(a)
+ 6*sqrt(b) . The binary arithmetic functions, ‘', ‘+" and “*’
each have two sub-trees, but mathematical functions such
as ‘tan’, ‘sin’ and etc. commonly have one sub-tree. In Fig. 1,
the connection points are named nodes and regards with
the location in the tree, these nodes are divided into two
kind as: (1) Internal nodes are called as function; these func-
tions receive one or more input values and produce a single
output value (e.g. +, —, %, sin, cos, exp, etc.) (2) Nodes at the
end of arms of tree are called terminal and specify input
variables and constant values.

For any problem, it is necessary to specify the five major
preparatory steps for the basic version of genetic program-
ming as follows [44]:

The terminal set: A set of input parameters (indepen-
dent variables).

The function set: A set of specific functions (such as ‘+/,
‘~, ", ’sin” and etc.) used in connection with the terminal
set to develop solution to the desired problem.

Fig. 1. Sample of a GP tree.
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The fitness function: Fitness function evaluates each
member of population and determine the difference
between predicted results and actual data.

The control parameters: This includes parameters that
control the GP process operations.

The termination criterion: This is commonly a pre-
defined number of iteration or a tolerance for the fitness
function.

It should be noted that the first three steps determine
the area of search for solution, while the final two steps con-
trol the quality and speed of the search.

Fig. 2 is a flowchart of GP problem solving approach.
The basic mechanism of GP for a specific problem that
requires finding a mathematical model is based on a repet-
itive computational process and can be summarized as
follows:

Input data

!

Initialize
population

!

Compute
fitness of each
individual

Select one
individuals

i i

Mutation Crossover

Select one
individuals

Termination
criteria
satisfied?

Yes

Fig. 2. Solution procedure of GP approach.

(a) Initialization: once loaded the problem data, pri-
mary population of programs created randomly.

(b) Fitness evaluation: fitness value, which specify how
well the model solves the problem, for the popula-
tion evaluates.

(c) New generation: 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.

(d) Termination criteria: when one of the termination
criteria; satisfactory fitness or maximum number of
generation achieved, the program ends.

Genetic operators introduce variability in the chromo-
somes and make evolution possible, which may produce
better chromosomes in next generations. The function of
the crossover operator is to produce new models from two
parent models by combination of obtained data from the
parents. This operator tries to combine vital components
of two expressions in order to create a better mathemati-
cal function. However, crossover produces many new off-
spring, it does not provide any new information into the
population, and the population tends to become more and
more homogeneous as one begins to dominate. A mutation
operator is often introduced to guard against premature
convergence. In reproduction, a single model is chosen and
a random sub-tree in it is replaced with a freshly generated
sub-tree, then that model is placed in the new population.
Reproduction is straightforward. It simply copies the chro-
mosome and places it into the new population.

This study applies the GP technique to find a mathe-
matical function for prediction of permeate flux of AGMD
and WGMD processes. In this procedure, the fitness func-
tion analyses the root mean square error (RMSE) between
the value from real data set and that obtained from the
model. The terminal is set as [T, C,,, Qf and Q], and the
functions are set as [+, —, ¥, /, sin, cos, tan, tanh] and the
target responses are: permeate flux for AGMD and WGMD.
The fitness function evaluates the root mean square error
(RMSE) between the value from original learning data set
and that of each chromosome.

3. Data set

The experimental results obtained by Khalifa [17] were
used to construct GP models. These experimental data illus-
trate the permeate flux of MD process under different con-
ditions. The author studied the effects of feed flow rate, feed
concentration, feed temperature and the coolant flow rate
on the permeate flux in AGMD and WGMD processes. In
total, 154 experimental data were obtained. A brief limita-
tion of the model variables has been listed in Table. 1.

4. Results and discussion
4.1. Permeate flux modeling

GP technique which is employed in this study has
developed multiple input, single output models as a novel
approach in membrane distillation process for prediction
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Table 1
Limitation of variables used for GP models construction

Variables Range
Input variables

Q ¢ (L/min) 1-6

Cra (8/1) 0.145-60
T, (°C) 50-90
Q. (L/min) 1-4
Output variables

AGMD permeate flux (kg/m?h) 5-35
WGMD permeate flux (kg/m?h) 14-67

of the permeate flux using an experimental data set that
obtained from [17]. This data set provides information
about permeate flux under various operating conditions
in both membranes configurations: AGMD and WGMD.
Two different models were developed for each processes.
In total, 154 experimental data were obtained, 75% of all
the data were utilized for constructing the models, whereas
the remaining were used to evaluate the models. Normal-
ization of data is carried out to construct a more effective
GP model for both the model variables and the response. In
the present study, the model variables and target (perme-
ate flux) have been normalized before training the models
in order to help in the generalization of the GP model. For
normalization of the input parameters the below equation
was used:

X, —Xx_

Zl = 1 min (1)
xmax - xmin

where z_ is the normalized variable while x, x = and x, _are

the actual, minimum and maximum values of parameters,
respectively. For normalization of the response data Eq. (2)
was used [31,45]

yi _ymin
Y = (1- AU — AL)—Zi—Imin_ ”
ymax _ymin ( )

where Y, y ., and y, _indicate the normalized, minimum
and maximum values of the response, respectively; AU and
AL are small variations which are considered to define the
model limited extrapolation ability (in this study AU = AL
=0.1).

In order to find the best model for predicting the pro-
cesses, 250 generations and 200 populations were con-
sidered. The optimum tree depth was 6. Fitness function
evaluated the root mean square error (RMSE) of each
individual between the experimental values and which is
returned by the models. The performance of GP models is
illustrated in Fig. 3, the predicted permeate flux is plotted
against the experimental value for data used to train the
models. The predicted permeate flux in comparison to the
experimental results for the test data is shown in Fig. 4. As it
can be seen from Figs. 3 and 4, the GP models were capable
to predict the permeate flux in a good agreement with the
experimental results, for a broad range of operating condi-
tions. The best-so-far GP models that were obtained after
satisfying termination criterion for AGMD and WGMD are:
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Fig. 3. Predicted permeate flux versus experimental data for
training data (a) AGMD, (b) WGMD.
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y, = 0.00629x, — 0.2624x, +0.1009 cos((sin(x, )x; + sin(tanh(x, )))
(x; + x, + x, —sin(x, ) + 9.744)) + 0.00629 tanh(exp(x,))
—0.2485cos(exp(x, — x;) — x;) + 0.2624 sin(tanh(x,)
—tanh(exp(x,)) +4.02) + 0.3378 cos(exp(exp(—9.917 x,)))
+0.00629sin(x,) +1.329sin(x;) — 0.2624 sin(exp(x;)
—tanh(x,))+0.3005

Y, =2.796x, +2.796x, + 3.703x, + 0.07509 sin(exp(cos(8.696x, + 37.5)))
—6.24 cos(cos(x,)) + 6.24 cos(sin(x,)) + 0.1511cos(6.948x, )

+2.796 tanh(x; ) — 6.24 cos(x, )sin(x;) — 0.06221(x, — x;)

(x; — x5 +x, +4.31) + 0.6514 tanh(x, cos(x,))(2.003 tanh(x, )
+6.907)(sin(cos(x,)) + x,(x, — tanh(6.216x,))) — 3.155

where x, x,, x, and x, denotes the normalized values of Q
Cp.r Tyand Q, respectively, y, and y, indicate the normalized
permeate flux for AGMD and WGMD, respectively. The
running time of the GP model development for the reported
condition was almost 5 min with Lenovo laptop (Core i5,
RAM 6GB, Windows Eight). It should be noted that similar
to the artificial neural network [31,32] and response surface
methodology [20], GP models are also applicable to a single
data set (which used to develop the model) and cannot be
used for extrapolation purposes.

In order to demonstrate the validity of the developed
models, some statistical parameters, which describes the
model performance in estimation of permeate flux, are cal-
culated and presented in Table 2. The formulas for calcu-
lating statistical parameters are presented in Ref. [46]. The
R-square value illustrates that model results are fitted to the
experimental result perfectly. The values of, MSE, SSE, and
RMSE show that the proposed models have a little devia-
tion from experimental data.

4.2. Effect of feed temperature

Fig. 5 shows the permeate flux versus the feed tempera-
ture at the feed flow rate of 1.5 L/min, feed concentration
of 0.145 g/L and the coolant flow rate of 2 L/min, for both
AGMD and WGMD configurations. Naturally, as feed tem-
perature increases, the permeate flux tends to increase as
well [16,47], hence the models satisfy this expectation very
well. Qtaishat et al. [48], reported a similar trend in DCMD
configuration, but at higher feed temperatures, their devel-
oped model had a few deviations. This deviation was
more obvious in the work of Hwang et al. [49]. As it can
be shown from Fig. 5, proposed GP models provided good
agreement with experimental data for a wide range of feed
temperature.

Table 2
Statistical parameters of the GP models

4.3. Effect of feed concentration

As depicted in Fig. 6, the effect of feed concentration on
the permeate flux was mathematically modeled and com-
pared to the experimental data. Conditions of this test are:
feed flow rate = 1.5 L/min, feed temperature is 70°C and
coolant flow rate of 2 L/min. As shown in Fig. 6, the GP
models provided excellent prediction for permeate flux. It
is illustrated in Fig. 6 that as feed concentration increases,
the permeate flux tends to slightly decrease for both AGMD
and WGMD, and this is in coherent with published data [50].
Alklaibi and Lior [9] also found a similar trend. A reason for
this behavior may be that, increasing the feed concentration
causes a decline in the vapor pressure of feed that results in
decrease in the driving force. Moreover, it is showed that
WGMD has higher permeate flux than AGMD yet.
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Fig. 5. The effect of feed temperature on the permeate flux for
AGMD and WGMD.

® AGMD Exp AGMD Prd

B WGMDExp =----WGMD Prd

40

o —

Permeate flux (kg/m?2h)
S

0 10 20 30 40 50 60 70
Feed concentration (g/L)

Fig. 6. The effect of feed concentration on the permeate flux for
AGMD and WGMD.

Statistical R? SSE MSE RMSE NB%

parameter

MD process AGMD WGMD  AGMD WGMD  AGMD WGMD  AGMD WGMD  AGMD WGMD
Training data  0.995 0.992 14.411 57.731 0.253 1.012 0.502814  1.006 -0.134 0.315
Test data 0.994 0.990 1.174 16.103 0.059 0.805 0.242287  0.897 -0.284 0.796
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4.4. Effect of feed flow rate

The experimental and predicted permeate fluxes in var-
ious feed flow rates and for a concentration of 0.145 g/L,
feed temperature of 70°C and coolant flow rate of 2 L/min
are presented in Fig. 7. Fig. 7 implies that the GP models
showed good coherence with experimental data for both
AGMD and WGMD. As it was expected the WGMD has a
higher permeate flux than AGMD in the whole of the feed
flow rate ranges. It is depicted in Fig. 7, as feed flow rate
increases the permeate flux tends to increase, this increment
is sharp when the feed flow rate is low and as flow rate
increases the permeate flux increases slightly. Similar obser-
vation is reported by Chen et al. [51] for a DCMD arrange-
ment, however, in their work there were some errors in
prediction of permeate flux as feed flow rate was increas-
ing. In contrary to the most theoretical models GP provided
a good prediction about permeate flux for a wide feed flow
rate ranges in comparison to the experimental data.

4.5. Flow rate of coolant effects

As depicted in Fig. 8, the effect of the coolant flow rate
on the permeate flux was mathematically modeled and
compared with the experimental data. Conditions of this
test are: feed flow rate = 1.5 L/min and feed temperature
is 70°C and feed concentration is 0.145 g/L. However, the
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Fig. 7. The effect of feed flow rate on the permeate flux for
AGMD and WGMD.

coolant flow rate has minimal effect on the permeate flux
in both AGMD and WGMD configurations, but as it was
expected the coolant flow rate has more effect on the AGMD
configuration in comparison to the WGMD. As coolant flow
rate increases 400% permeate flux increases only, 14% and
7% for AGMD and WGMD, respectively.

4.6. Parameter analysis

As mentioned in previous sections the influence of oper-
ating parameters on the permeate flux was investigated for
both AGMD and WGMD configurations. In this section we
are motivated to determine the impact of each operating
parameter on the response target. For this purpose, deriv-
ative of each curves in Figs. 5-8 were calculated and their
average value is reported in Table 3. As it was expected feed
concentration has a negative impact on the permeate flux,
ie. increasing feed concentration causes a decline in the per-
meate flux, and in the AGMD configuration, this is more
obvious. It can be concluded that feed temperature has a
major impact on the permeate flux for both MD arrange-
ments. This kind of information is very useful for designing
an economic MD process.

4.7. Process optimization

Theoretically, the highest feed flow rate, highest feed
temperature and lowest feed concentration should give
the highest permeate flux. However, these parameters may
have some interactions with each other. In order to optimize
a membrane process, performance index, which is defined
as permeate flux times the salt rejection, should be maxi-
mized. However, as salt rejection factor in MD processes is
close to 100%, permeate flux considered to be maximized.

The simplest way to get the optimum values for the
operating conditions is the classical optimization approach.
In this method, the derivate of the equation (the expres-
sion for the permeate flux which has been obtained in
section 4.1) with respect to each variable (x,, x,, x, and x,
which refer to er Cfm, v Tf and Q, respectively) should be
calculated separately, the next step is to obtain the roots
of these derivative expressions, these roots are considered
as the optimum values for each variables (Tf, Cﬁg ” Qf, Q).
However, this strategy is not suitable to solve very compli-
cated problems in which the objective function is discon-
tinuous, nondifferentiable, or extremely nonlinear. Because
the developed GP models are nonlinear, genetic algorithm
(GA) method was employed for optimization, instead of the
classical approach. GA is capable to solve both constrained
and unconstrained optimization problems and it is based
on natural selection process that imitates biological evo-
lution for survival of the fittest. The algorithm constantly
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Fig. 8. The effect of coolant flow rate on the permeate flux for
AGMD and WGMD.

Table 3
Growth rate of permeate flux with respect to operating variables
MD process ~ Variables
Qf C@-I Th QC
AGMD 0.619 -0.237 0.779 0.102
WGMD 0.500 -0.166 0.821 0.048
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refines a population of individual solutions, which leads to
an optimal solution. At each iteration, the genetic algorithm
takes individuals at random from the present population
and utilizes them as parents to make the children for the
next generation. Similar to GP, GA also uses three genetic
operators including: crossover, mutation and reproduction
to breed the present population. The basic mechanism of
GA for a specific optimization problem can be summarized
as follows:

1. The algorithm starts by making a random initial
population.

2. The algorithm then creates a sequence of new pop-
ulations from the current one. It uses three genetic
operators (crossover, mutation and reproduction)
for this matter.

3. The algorithm stops when one of the stopping crite-
ria is reached; either the maximum iteration number
is reached or the error becomes smaller than the pre-
defined value.

In this work genetic algorithm toolbox in Matlab soft-
ware was employed for optimization. Developed GP mod-
els for both AGMD and WGMD have been introduced to
the software as the objective function which should be max-
imized.

The computed optimum conditions given by the GP
models is summarized in Table 4.

The obtained optimal conditions are within the experi-
mental data limit and as it was expected the higher the feed
temperature and lower feed concentration leads to a higher
permeate flux but the feed and coolant flow rates are not
in their highest value, so it means that these variables have
some interaction with each.

5. Conclusions

An important objective of this work was to show the
applicability of GP for modeling AGMD and WGMD pro-
cess for prediction and optimization of the permeate flux.
The GP method offers a feasible approach for predicting
the permeate flux under different operating condition. The
effects of operating factors including feed flow rate, salt
concentration, feed temperature and coolant flow rate on
the permeate flux were studied, and the gap width was
kept fixed for both designs. The results showed a very good
agreement with the experimental data in a wide range of
operating condition. Feed temperature, T, and feed flow
rate, Q. were found as the crucial parameters on the pro-
cess performance. Also it was found that feed concentra-

Table 4
Optimal condition for AGMD and WGMD

Operating parameter Permeate flux (kg/m?h)

Qf Cfeed Th Qc AGMD WGMD
(L/min)  (g/L) (°C) (L/min)
4512 0145 90 3132 38972 83.621

tion and coolant flow has lesser effect on the permeate
flux. It was illustrated that, WGMD has higher permeate
flux than AGMD particularly in lower feed temperatures.
This may be considered as an advantage when developing
water gap design in some applications where the maximum
feed temperature is limited (eg. Pharmaceutical and food
industries). The obtained optimal conditions results in the
best process performance are: Q, = 4.512Lmin, wa .= 0.145
g/L, T,=90°C, Q_=3.132 L/min with a maximum permeate
flux 01! (38.972 L/m? h and 83.621 L/m? h) for AGMD and
WGMD, respectively.
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Appendix A

y =0.1385x, —0.1287x, + 3.092exp(—0.1758 cos(x,x, ))
+7.712cos(sin(x,)) + 6.522 tanh(sin(cos(cos(x, — x,))))
—0.4813 cos(x, — x, + cos(x,) — sin(x, ) + tanh(x,) + 0.0024)
~0.1893 exp(cos(cos(x3—x,)) — cos(x,) + si(x;)) +
0.00825sin(x, +0.9754) — 0.5482 tanh(cos(tanh(x, ) — x,x3))
—0.4813sin(x,x, —4.947) — 0.005603x,(9.633x, + x,
+exp(cos(x,)) + tanh(x, )) + 0.00825x, x, +0.01299x;

+0.1287 sin(cos(x, x,)) tanh(sin(tanh(x,)) — x, — x,
+tanh(x,))(tanh(x,) + cos(x; — 8.349)) —13.05

x;: A x, Tf, x;: T, x,: Q, y: Permeate flux.

Table A.1
Experimental data for AGMD process from Ref. [31]

Input variables Flux GP model
A(mm) T, T Q Yy Yy

(‘) (O (L/n)  (kg/mh)  (kg/m’h)
3 70 25 200 45.487 44.55897
3 70 15 200 50.232 49.75071
3 60 25 200 30.185 29.77823
3 60 15 200 35.264 34.6058
3 70 25 150 43.959 4311001
3 70 15 150 47468 47.6298
3 60 25 150 29.288 29.21906
3 60 15 150 34.279 33.37467
3 65 261 175 34.42 34.19406
3 65 139 175 39.997 40.03531
3 71 20 175 45.382 45.87081
3 59 20 175 29.264 28.30934
3 65 20 205 37.837 38.05299
3 65 20 145 36.855 36.88464
3 65 20 175 36.85 36.98495
4.2 70 25 200 38.951 38.46393
42 70 15 200 43.345 42.63955
4.2 60 25 200 26.629 2596124
4.2 60 15 200 29.039 29.54689
42 70 25 150 35.349 36.33258
4.2 70 15 150 39.079 39.92976
4.2 60 25 150 24.461 24.71967
42 60 15 150 25.642 27.72689
4.2 65 261 175 29.569 29.73678
4.2 65 139 175 34.681 35.31849
4.2 71 20 175 41.648 41.98409
4.2 59 20 175 24.82 254775
42 65 20 205 34.52 34.60547
4.2 65 20 145 31.277 31.14287
42 65 20 175 33.528 32.4061
74 70 25 200 31.565 32.01301
74 70 15 200 36.866 36.79917
74 60 25 200 20.964 21.48601

Input variables Flux GP model
Amm) T, T  Q y y
(°C)  (°C) (L/h)  (kg/m?h)  (kg/m*h)
74 60 15 200 25.941 25.68948
74 70 25 150 27.81 28.68772
74 70 15 150 32.675 32.63901
74 60 25 150 19.626 19.0505
74 60 15 150 23.776 2241909
74 65 261 175 25.651 24.66011
74 65 139 175 29.547 30.48146
74 71 20 175 34.284 34.7827
74 59 20 175 20444 21.53551
74 65 20 205 28.481 29.78197
74 65 20 145 25.547 25.0705
74 65 20 175 26.905 274722
3 30 20 175 3.147 3.993917
3 40 20 175 9.189 8.272396
3 50 20 175 17.669 18.54953
4.2 30 20 175 2.827 2.310808
42 40 20 175 7.898 7.658679
42 50 20 175 16.406 15.40362
74 30 20 175 2.039 2427773
74 40 20 175 5.613 5916667
74 50 20 175 12.159 12.99068
3 70 20 200 45.273 4598672
3 65 15 150 38.738 39.4845
3 65 25 200 34.238 35.96185
3 60 15 175 32.151 33.59277
4.2 70 20 200 40.507 39.9004
4.2 65 15 150 34.198 33.77528
42 65 25 200 32.505 32.07832
4.2 60 15 150 29.622 27.72689
74 70 20 200 34.931 34.46156
74 65 15 150 27.642 27.60795
74 65 25 200 27.855 26.72604
74 60 15 175 24.025 23.65339
3 71 139 205 51.075 50.34009
3 63 139 205 37111 36.74585
4.2 71 139 205 47.289 47.64093
42 63 139 205 35.039 35.78124
74 71 139 205 40.938 40.72187
74 63 139 205 32.898 3141694
Table A.2

Comparison between neural networks and GP

Data set R?
Neural network from  GP
Ref. [31] model
Training data 0.9965 0.9961
Validating data 0.9483 0.9767
Test data 0.9493 0.9885
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Appendix B

y =0.0257 cos(sin(x, — x,)) — 0.05542 cos(x, (x, — 3x; + cos(x,) + x,x;)) Input variables Flux GP model

—3‘0?871 ngfg;“gg;; ta::(("z)z * ;a“h(;‘liz * ;’r‘h("s) T,(°C) U, (m/s) U, (m/s) J(kg/m?h)*10° [ (kg/mh)*10~

—2x,(x, — 1. —0. tanh(cos(x, )+ tanh(x,

—0.0257 c08(2.96x,x, (x, + X, — sin(x,))) — 18.46 cos(cos(tanh(x,))) gg 1;8; 8122 8:;% 8:23;2;3

—1.204 tanh(cos(2x,))(x, + tanh(tanh(x,))) + 0.01492x, x, 65 1.69 0.155 0.873 0.860497

+0.2616sin(sin(x, ) + cos(x, ) tanh(1x) + 6.833)cos(x, + x;) +12.92 57 1.69 0.155 0.639 0.628444
65 1.207 0.155 0.6 0.633407

Ty xp Uy, x5 U, y: Permeate flux. 57 1207 0155 0.559 0.516849
66 1.449 0.17 0.887 0.911478
56 1.449 0.17 0.625 0.633561

Table B.1

Experimental data from Ref [32] o1 1738 0.17 0993 0.970701
61 1.159 0.17 0.552 0.564909

Input variables Flux GP model 61 1.449 0.188 0.802 0.760207
61 1.449 0.152 0.664 0.728292

T,(°C) U, (m/s) U, (m/s) ](kg/m*h)*10”° ] (kg/m?h)*10~

68 1.932 0.2 1.106 1.1085

54 1.932 0.2 0.636 0.694664 Table B.2

68 0.966 02 0.65 0.615143 Comparison between neural networks and GP

54 0.966 0.2 0.459 0.444998

68 1932 014 0969 0.970204 Data set R?

54 1.932 0.14 0.74 0.699402 Neural network GP

68 0.966 0.14 0.582 0.572325 from [32] model

54 0.966 0.14 0.326 0.323418 Training, validation and test data 0.8 09372

70 1449 017 1.016 1.021619 Validating data 093 09

52 1.449 0.17 0.499 0.53395

61 2.028 0.17 0.841 0.84619 For more description about nomenclatures which used in

61 0.869 017 0.499 0.513087 appendices, readers are referred to [31,32].

61 1.449 0.206 0.989 0.789927

61 1.449 0.134 0.634 0.669004

61 1.449 0.17 0.67 0.784802

68 1.449 0.17 0.919 0.91487

54 1.449 0.17 0.542 0.540941

65 1.884 0.17 0.988 0.908319

58 1.014 0.17 0.528 0.539457

65 1.014 0.17 0.647 0.623989

58 1.884 0.17 0.698 0.675115

65 1.594 0.194 0.849 0.910218

58 1.304 0.146 0.78 0.704337

65 1.304 0.146 0.626 0.657286

61 1.738 0.146 0.893 0.857911

58 1.594 0.194 0.686 0.731417

61 1.159 0.194 0.61 0.614508

54 0.966 0.17 0.361 0.354406

68 0.966 0.17 0.579 0.600088

54 1.932 0.17 0.679 0.660409

68 1.932 0.17 1.024 1.08174

54 1.449 0.14 0.549 0.547809

68 1.449 0.14 0.846 0.855928

54 1.449 0.2 0.562 0.606213

68 1.449 0.2 0.966 0.95881

61 0.966 0.14 0.473 0.468192

61 1.932 0.14 0.896 0.935827

61 0.966 0.2 0.409 0.493856

61 1.932 0.2 0.804 0.841409

65 1.69 0.185 0.956 0.973742

57 1.69 0.185 0.688 0.720706




