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ARTICLE INFO ABSTRACT

Keywords: In this work, a method is presented for the approximation of dynamic processes. Dynamic inputs of membrane
Modelling distillation can be approximated by a regression equation as several steady state steps after each other. A
Vacuum assisted air gap membrane distillation regression equation of the flux was developed based on a validated steady state model and a wide range of
8{;‘23& Dbfc coating process parameters. The regression equation of the flux is then used to approximate a dynamic process. To test
Solar desalination the approximation on a dynamic process, a new test setup was developed to provide quick changes to the

temperatures or flow. It was found that the approximation corresponds well to the test results. While this paper

Sucrose only approximates the flux, the method presented in this paper can also be used to approximate other variables.
The presented method is also applied to the concentration of aqueous sucrose solutions with an AGMD module
with oleophobic and hydrophobic properties. Three semi batch tests were done. The approximation corresponds
well to the test results. A maximum Brix concentration of 56.9 was reached in the tests.

1. Introduction [1]. A possible solution which is gaining momentum is membrane

distillation (MD). MD uses a vapour pressure difference coming from

The ongoing population growth and climate change cause a chal- two streams with a temperature difference across a semipermeable hy-
lenge to provide clean drinking water worldwide. Currently, around two drophobic membrane. Due to its hydrophobicity, only water vapour can
billion people face water stress, and this number is expected to increase pass through the membrane. This way, one side of the membrane is in
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contact with the feed water while the other side of the membrane is in
contact with the distillate. Several setups for MD have been investigated.
In Direct Contact Membrane Distillation (DCMD), the hot feed water and
the cold distillate is in direct contact with the membrane [2]. In Air Gap
Membrane Distillation (AGMD), an air gap is placed in between the hot
and cold feed to reduce the conduction losses [3]. In Vacuum-Assisted
Air Gap Membrane Distillation (V-AGMD), the air gap is placed under
a partial vacuum, V-AGMD is better performing than AGMD [4].

MD can be used with a wide variety of green energy sources. For
example, it can be used in combination with solar [5-11], solar ponds
[12-14], wind energy [15], and geothermal energy [16]. However, the
mentioned energy sources have a variable thermal energy output, which
results in dynamic behaviour of the hot feed side, and consequently, in a
dynamic distillate output. Still, there are only few models concerning
the dynamic calculation of the distillate output [17-23]. In the work of
Chang et al. [17] a dynamic model was developed for a solar driven
membrane distillation desalination system (SMDDS). The model
included the spiral-wound air gap membrane distillation (SP-AGMD)
module, the heat exchanger, solar collector, and heat storage tank.

Emad ali performed dynamic analysis and modelling of direct con-
tact membrane distillation (DCMD) [18]. His work complemented the
work of Eleiwi et al. [19] and Karam et al. [20]. Eleiwi et al. [19] pro-
posed a model for direct contact membrane distillation (DCMD) which
was based on a 2D Avection-Diffusion Equation (ADE). Karam et al. [20]
made a model for DCMD based on a lumped-parameter dynamic pre-
dictive model. The model used the analogy of electrical system for heat
and mass transfer problems. Porrazzo et al. [21] a neural network model
of a MD system powered by solar energy was developed. Emad ali et al.
[22] also developed a linear dynamic model during start up of DCMD,
the reaction curve method was used for the identification of the model.
In another work of Emad ali et al. [23] evaluated lumped parameter and
special dynamic models.

Another way of simulating dynamic process is by approximation
several points along the process instead of simulating the total dynamic
process. There are several benefits of using approximations instead of a
full dynamic model. The benefits are as follows:

The solutions of (partial) differential equations are not needed. This
reduces the complexity of the solution and reduces the computation
time.
Multiple sources of data can be used. A steady state or dynamic
model is not needed as the approximation can also be done with test
data. If test data is used, it removes the modelling error of the model.
e No specialized software needed. The approximation can be done
with Matlab but can also be done with Excel. Even more, the result of
the approximation can also be used with pen and paper calculations.
e As steady state data can be used, no dynamic validation is needed.
Steady state validation can be done with limited apparatus while for
dynamic validation more expensive setup is needed.
e The modelling along the complete dynamic process is not needed.
Several points along the process can be calculated and interpolation
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can be used to approximate the process between the calculated
points.

e The control hardware of a system can be cheaper and smaller as the
equations for approximation are less demanding compared to the
DAE models.

In this work, an approximation is developed for dynamic processes of
MD based on a previously developed steady state model [24]. The
benefit is that there exists a wide range of steady state models [2,24-29].
In Fig. 1, the proposed methodology of developing the approximation is
shown.

The validated steady state model is used to generate data over a wide
range of input parameters, such as crossflow velocity, salinity, air gap
pressure for V-AGMD setup, membrane and condenser inlet tempera-
tures. To increase the efficiency of the methodology, the data points are
not chosen randomly but within a design space. The steady state AGMD
model described and validated in [24], is then used to generate the
output data, which is the flux. However, the proposed method can also
be used for the approximation of gained output ratio (GOR), or other
output parameters of a model. Furthermore, this methodology can also
be applied with test data, as long as it is sufficient to provide a reason-
able regression equation. The data points and the output of the steady
state model at those points are then used to create a regression formula
that can be used to approximate the dynamic processes. It should be
noted that the proposed methodology can also be used with other
equations obtained with experimental data. For example, the experi-
mentally determined equations from Ruiz Aguirre et al. [10] can also be
used for the approximation. The dynamic process can be approximated
as several steady state steps that follow the dynamic profile of the inputs,

»
o

()]
o
T

(&) ()]
o ()]
T T
1 1

AN
()]
T
1
1
1
1
1
1

— System input
- - - -Modelled input

4 5 6

Membrane inlet temperature(°C)

N
o
o
i
N
w

Time (s)

Fig. 2. Modelling dynamic inputs with steady state steps. The dynamic inputs
are modelled by several steady state steps.

Simulation
55
Input _| Design .
space 245
Model or . s 4
= =
test data Regression 245
3
OutpL;L Flux 25
0 500 ‘ 1000 1500

Fig. 1. Method for determining the approximation.



M. Bindels et al.

as will be proven later in this work. A schematic view can be seen in
Fig. 2. The use of steady state steps assumes that the transient effects of
the membrane distillation module are negligible, as long as the time
between the steady state steps are small enough.

To prove that the approximation works, it was employed on the
concentration of aqueous sucrose with an AGMD module with a hy-
drophobic and oleophobic membrane. The validated steady state model
is fed with the thermophysical properties of sucrose solutions so that the
model can be applied to sucrose solutions. Then the methodology that is
presented in this paper is applied to generate an approximation for dy-
namic processes. The approximation formula is then used to simulate the
three semi batch tests.

2. Theoretical background

2.1. Space-filling designs

Two general methods can be used to gather the data needed for
creating a regression formula. The first one is by doing physical exper-
iments and the second one is by running a computer simulation. Com-
puter simulations are often used when physical experiments are time or
resource intensive. However, a computer model should be available to
acquire the necessary test results. In addition, the computer simulation
should represent the real system accurately, otherwise, the results may
be inaccurate [30,31].

The experiments that are calculated in computer simulation are often
based on a design space that is created to make sure that there is a design
point close to any point in the experimental region [31]. Several space-
filling designs were developed in the past, such as the minimax distance,
the maximin distance and Latin hypercube design methods. In minimax
distance design, the smallest distance will be maximized between any
two points in the design space [32]. The downside of this method is the
possibility of good space-filling for a single dimension while projections
in other dimensions may not be sufficient [31]. In maximin distance
design, the largest distance will be minimized between any two points in
the design space [32]. This method has the same downside as the
minimax method. A sufficient projection may exist in one dimension,
but not in the other dimensions [31]. In Latin hypercube design, the
design space is divided into n2 squares, where n is the number of points.
Afterwards, the points are randomly placed in one of the squares. The
only constraint is that only one point can be placed in every row and
column, while the benefit of this method is better projecting for two
dimensions. However, in higher dimensions poor projection is still
possible. The second problem is the possibility that the points align
diagonally [31].

To overcome that the points align diagonally, maximin Latin hy-
percube design was developed. This method works with the same
principle as normal Latin hypercube design except an extra constraint is
added. The extra constraint forces the points to be as far from other
points as possible, and as a result, there is only a poor projection in high
dimensions [31].

In the maximum projection method, the poor projection in higher
dimension is solved. In this method, a weighted Euclidean distance
function is used so that the projection is sufficient in every dimension.
Thus, the maximum projection method is the best overall method [33].
The statistical program R [34] with the Maxpro package [35] will be
used to create the design space in this paper.

2.2. Steady state model

A previously developed steady state model from Aquastill [24] was
used in this work. However, the method presented in this work can also
be used with other steady state models. To use the steady state model
from [24] for V-AGMD the pressure used for the calculation of the
membrane permeability should be the pressure in the air gap.

To convert the model to aqueous sucrose solutions, the
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thermophysical properties of Table 1 were used in the steady state
model. Not all the equations found are valid for the range of tempera-
tures where MD operates. For example, the density is valid from 10 to
60 °C. Therefore, a possible error might occur due to the extrapolation of
these equations.

2.3. Second order multiple regression model

For the approximation, a second order multiple regression equation
is used. In Eq. (1), the standard second-order multiple regression model
can be seen. Since a first-order model will not be able to fit perfect for
quadratic relationships between different variables, the second-order
model was chosen for designing the regression model. In eq. (1) f;
withi=0, 1, ..., k are the regression coefficients and x; withi=0, 1, ..., k
are the variables that are called the predictor variables or regressors
[41].

¥ =PBo+Pixi+Poxa 4 o+ Bk + 11X+ Py + A P + Proxin
+hixxs + o Buxixi + Posxaxs + Pouxoxa + o Pyxaxi + Py g X1 Xk
(@)

In Table 2, the predictor variables are listed. In total five variables
can change during operation of V-AGMD. A slightly wider range than
practically expected were chosen for the membrane inlet and condenser
inlet to be sure that the regression formula still performs well near the
boundaries of the variables.

2.3.1. Regression coefficients

According to Myers et al. [41], the least squares method is the most
used method for finding the regression coefficients, and will be used in
this work. In Eq. 2 the formula for finding the different regression co-
efficients can be seen. More information on the derivation of the formula
can be found in [41]. The matrix b represents all the regression co-
efficients. The matrix X is called the model matrix, and it consists in the
created experimental points from the design space. The matrix y con-
tains the results that were obtained from the model.

b=XX)"'Xy (2)

2.3.2. Model adequacy checking

Adequacy checking should be done to make sure that the regression
formula corresponds to the physical system. There are several methods
for checking the model adequacy. Some common methods are actual
versus prediction plot, residual analysis, scaling residuals, influence
diagnostics and testing for lack of fit. More information about these
methods can be found in [41]. In this work checking model adequacy
will be done with an actual versus prediction plot and residual analysis
as this is an effective method [42].

In Fig. 3, a possible actual versus prediction plot is shown. In this
plot, the results of regression formula are plotted in function of the
simulated response. The straight line in the plot represents a perfect fit
between regression and the data. In other words, when all the points
align, the regression formula (y,) represents the simulation results
(ysim) perfectly [41]. The actual versus prediction plot will only give a
good indication if the regression formula represents the simulation re-
sults. Therefore, a more advanced method like residual analysis is

Table 1

Equations used to convert the NaCl model to sucrose

solutions.
Type Reference
Water activity [36]
Density [371
Specific heat [38]
Viscosity [39]
Thermal conductivity [40]
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Table 2
Predictor variables and the chosen limits.

Predictor variables Minimum value Maximum value Symbol
Condenser inlet temperature (°C) 15 35 Tecond, in
Membrane inlet temperature (°C) 65 90 Timem, in
Salinity (g/kg) 0 200 S
Air gap pressure (kPa) 10 100 Pairgap
Cross flow velocity (m/s) 0.03 0.15 Ves
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Fig. 3. Example of an actual versus prediction plot. The y,,, corresponds to the
results obtained based on the regression equation while y, represents the
actual test data or simulation data.

needed.

The residual analysis consists of two parts. In the first part, a normal
probability plot of the residuals is constructed, which is capable of
checking the normality assumption in a simple way [42]. In this plot, the
residuals are plotted against the normal probability, an example of can
be seen on the left in Fig. 4. On the right of Fig. 4, possible residuals in
function of the predicted response are shown, which gives more infor-
mation about the variance of the response.

2.4. Regression-based approximation

When assuming that the transient effects are neglectable, a regres-
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sion formula can be used to model the system. The time-varying system,
Eq. (3), can be discretized to Eq. (4). The total distillate production can
then be approximated with Eq. (5), where Ty and A, are the dis-
cretization time (the time between to steady state steps) and the mem-
brane area, respectively. The same process can be done for the heat
input, which is shown by Eq. (6). Egs. (4) and (6) can then be combined
to produce the GOR, which is shown in Eq. (7).

J(t) :f(Tcon.m(t) s Temin (t) Sin (t) 7Vq[[(t) P gap (l) ) (3)
J[k] :f(Tc.'m,in [k} 5 Tmem.m [k] sVeff [k] 7Sin [k] 7Pair gap [k] ) (4)
Dy = AnTy i Ji (5)
1
Qin [k] :f(Tmmin [k] 5 Tmem,in [k] 7vé{ff [k} 7Sin [k] 7Puir gap [k] ) (6)
- H,JkAT,
GOR[K] = =5 @

Teon, in> Tmem, in> Sins Vefy and Pyjr gqp are the condenser and membrane
inlet temperatures, inlet salinity, effective velocity, and air gap pressure,
respectively. Dy is the total distillate output and J is the flux in 1/m?/h
and Ty is the time between discretisation steps in hours. v, can be also
be changed to the feed flow.

3. Materials and methods

Two types of test have been employed in this work. The first type of
test consists of step functions to validate the approximation models of V-
AGMD with NaCl solutions. The second type of test are three semibatch
tests to prove that the methodology works.

3.1. V-AGMD and NacCl tests

The approximation should be validated for steady state and dynamic
tests. The source for the steady state data comes from [24] where an
AGMD module with a membrane area of 7.2 m2 from Aquastill was used.
As most systems are designed for steady state operation it is usually not
possible to apply a step input to validate the dynamics of the approxi-
mation eq. A typical steady state setup is shown in Fig. 5. To apply a step
input of the temperatures, salinity, or flow, two pilots were inter-
connected, which resulted in Figs. 6 and 7. For this work, an AGMD
module with a membrane area of 7.2 m2 was used, with a slightly
thinner airgap than in [24] to improve the drainage of the distillate from
the air gap. The specifications of the module used in this work can be
found in Tables 3 to 6.

As can be seen in Fig. 6, the membrane and condenser streams from
the two pilots are connected to the AGMD module by using four instead
of two tanks. Therefore, it is possible to have two membrane and two
condenser inlet water temperatures. To switch between the two tanks,
valves are placed in front of the entries of the module. This way, it is
possible to perform a step input. A bypass valve was used to make sure
that the feed flow from both pilots is the same. The hot feed water tanks
were heated by electrical heaters. The cold feed tanks were cooled by a
heat exchanger with water cooling. The distillate produced by the
module is collected in a 30-1 tank and weighted on a scale. In Table 7, all
the used measuring equipment are listed. In Fig. 7 the real setup is
shown.

To have a measurable response, the magnitude of the step input
should be significant. To see the effect of the magnitude several step
magnitudes were chosen. All the input charts can be seen in Appendix A,
and are summarized in Table 8. The pressure in the air gap and the cold
feed temperature is kept constant as this does not change quickly in real
applications.

Valves were used to apply a step input. The valves where placed
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Fig. 5. Schematic representation of a steady state test setup. In this case a combi pilot is shown.
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Fig. 6. Schematic representation of the dynamic test setup.

before the module entries and after the module exit, on both the
condenser and membrane side. A bypass was used to make sure that the
pilots could run continuously even when the valves to the module were
closed.

3.2. AGMD and semi batch sucrose tests

A new AGMD module was developed with a membrane with oleo-
phobic and hydrophobic properties which has better wetting prevention
than a normal hydrophobic membrane. The same membrane as normal
modules are used, but with the application of the oleophobic coating.
The spacer channels are the same as for the V-AGMD unit. However, the
air gap channel is slightly different. The air gap channel thickness and
porosity are 0.845 mm and 88.7% for the AGMD sucrose module,
respectively.

For the semi batch tests the same setup as in [24] was used but with a
better weight balance and a smaller tank. The sucrose concentration was
measured with the HI96800 refractometer from Hanna instruments. The
sugar was bought from a local supermarket. According to the label, an

anticaking agent was added to the sucrose. The test conditions can be
seen in Table 9. The temperatures and flows were kept constant during
the test.

The start volume or mass is needed to simulate the concentration rise
during the test. The volume in the tank can be measured by using dis-
tance meters and using geometry to identify the total volume in the tank.
As the tank is not uniform in shape this can give inaccurate results.
Therefore, the following equation was used to calculate the starting
mass of water in the tank:

CendDmt

o= Cend - C:tart (8)

where Ceng, Csiart, and Dy, are the concentration at the end, start
concentration, and the total produced distillate. This equation works
with the assumption that the produced distillate is pure water. This is
not always the case, but the amount of sucrose in the distillate is
negligibly small. Therefore, this equation gives a better estimation than
measuring it with a distance meter and geometry.
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Fig. 7. Actual setup used in this work. Module can be seen in the middle, with the valves on top and at the bottom of the outlet and inlet. On the left and the right, the

two individual pilots can be seen.

Table 3 Table 7
Module specifications. Measurement equipment used in this work.
Module specifications (AS7) Value Measurement Type
Channel or envelope height 0.4 m Flow Burkert 8041 and Burkert 8020
Channel or envelope length 1.5m Salinity Burkert 8228
Number of channels or envelopes 6 Temperature Burkert Pt-100
Total membrane area 7.2m? Balance Vida xl A4-LCD
Table 4 Table 8
Membrane and condenser channel specifications. Dynamic change in each test.
Membrane and condenser channel parameters Value Test  Dynamic change Low value High value Type of
h
Spacer channel thickness 2.01 mm change
Number of spacer strands 240 1 Membrane inlet 75°C 79 °C Slow ramp
Spacer angle 60° 2 Membrane inlet 45°C 80 °C Step
Spacer filament length 4.17 mm 3 Flow, Crossflow 550 1/h, 1000 1/h, Step
velocity 0.0405 m/s 0.0737 m/s
4 Flow, Crossflow 375 I/h, 650 1/h, 0.0479 Step
velocity 0.0276 m/s m/s
Table 5 5 Membrane inlet 70 °C 80°C Step
Air gap specifications. 6 Membrane inlet 60 °C 80 °C Step
. Salinity Tap water 35 g/kg Block
Alr gap parameters Value 7 Membrane inlet 80°C 65 °C Step
Spacer thickness 0.81 mm
Siacer angle 20° The salinity could not be measured experimentally because the value was out of
Spacer filament length 3.33 mm range of the sensors. Therefore, the salinity was calculated based on the amount
of water in the tank and the amount of salt that was added to the tank.
Table 6 4. Results and discussion
Membrane specifications.
4.1. V-AGMD model for NaCl
Membrane specifications Value
Membrane pore size 1.6 - 10 'm 4.1.1. Regression model
Membrane porosity 085 In total, 400 simulations were run as this was found to give adequate
Membrane thickness 9.5-10°m

results. The approximation equation was obtained from the regression

for the flux in I/m?/h:
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Table 9
Test conditions of the sucrose batch test with AGMD. The reported membrane inlet, condenser inlet, and the flow are the average value during the test.
Semi batch test Start concentration End concentration Membrane inlet (°C) Condenser inlet (°C) Flow or crossflow velocity (1/h), (m/s)
(°Brix) (°Brix)
1 6.875 29.375 70.8 23.3 830, 0.0612
2 7.325 34.4 70.7 23.4 830, 0.0612
3 23.4 56.933 70.6 24.5 830, 0.0612

J= o + usz‘un + aZTmﬂm +aSSNaCl + a4Pa + as Qf + a6T2 + d7T2 + aSS/Z\/a(;[ + a9P§ +a10Q? + alchonTmcm + alZTconSNaCl + as TconPa + al4T<‘oan

con mem

9
+ a15TmemSnact + @16 TnemPa + 17T inem Qr + a18SnaciPa + a19Snac1Qy + a20 PO
where Teon, Tinems SNacl, Pa, Qf are the condenser and membrane inlet xlk+1] = Ax{k] + Bulk] (10)
Fempgratures in °C.2, salinity in g/kg, a.ir gap pre.ss.ure in Pa, and feed ﬂo.w VK] = Cx[i] + DulK] an
in m”/h, respectively. The regression coefficients can be found in
Table 10. Note that the equation is only valid for an AS7 module. By using fictitious states x; and x, which represents the flux and the
total distillate production, the following state space model can be
4.1.2. Model adequacy developed. The state space equation also contains fictitious input that
The actual versus residual plot is shown on the left side of Fig. 8. corresponds to the higher terms in the regression equation. The state
Almost all points align perfectly with the line, thus, the regression for- space equation is as follows:
mula may be a good representation of the simulation results. However,
1
Teon
o
2
Xkl | 0 01| x4 a ay ... 4s dg ... dy dyp ... dy iwl
{mﬂ} = {TJA,,, 1Hm}+{0 0 .. 00 .. 0 0 .. 0 : (12)
g
TeonTinem
P.0y
since some points deviate from the line, a residual analysis is needed to
make sure that the equation is acceptable. Lo
The normal probability plots can be seen on the right side of Fig. 8. {é‘ ] = {0 | } {i"‘} +0-ulk| 13)
k 2.k

The shape of the normal probability plot indicates that there is a heavy-
tailed distribution [42]. The residual plot can be seen in Fig. 9, and

where T4 and A, are the time between steps in hours and the membrane
shows, that the residuals are high for low and high fluxes. d m P

area in m, respectively. The state space equation can be used for control

urposes.
4.1.3. State space model PUrp

The approximation model can be written as a discrete state space

4.1.4. Steady state validation
model:

As can be seen in Fig. 10, the approximation and the test result for the
flux correspond well with the model from [24], with an error below
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Table 10
Regression coefficients of the regression formula. E-b stands for 107%, so E-5
stands for 107>,

Coefficient ~ Value Coefficient ~ Value Coefficient ~ Value
a 6.441E-1  ay 4152 E-4  ay4 ~6.863 E-
2
a 2.464 E-2 ag —2.167 E- as —2.369 E-
5 4
ay —2.811 E- ag 5.435 E- ae —1.972 E-
2 11 7
a3 1176 B2  ayo —7539E  a 1.524 E-1
1
as —5.098 E- ap; —1.436 E- ag 3.563 E-8
6 4
as —1.298 aya 6.190 E-5 [«3T) —6.407 E-
3
as —1.290 E- a3 5.665 E-7 axo —1.856 E-
3 5
10%.

4.1.5. Dynamic validation

Due to using two interconnected pilots the flow of the hot and cold
brine are slightly different from each other (around 25 1/h). Therefore,
for the regression equation, the mean flow was used to approximate the
flux.

The time between the approximation points was taken as 10 s (T; =
729- as Tq is expressed in hours), which was the same as the sample time
of the test. As can be seen in Figs. 13 and 14, the regression follows the
test results closely. However, at the end of test 1, the regression follows
the test result less closely. The reason for this is that the air gap can act as
a water reservoir that can empty suddenly. This happens at the end of
test 1, which results in a higher flux than expected. This also happened
in the other direction, where no distillate came out of the module, this is
observed in test 4. Test 1 and 4 are shown in Figs. 11 and 12. Never-
theless, in general, approximation followed the production closely, as
can be seen in Figs. 13 and 14.

For test 3, shown in Fig. 15, at 1100 s into the test, the total pro-
duction was measured wrong resulting in a negative flux which is not
possible and was, therefore, left out of the data. Despite this, the
approximation underestimates the test results only with a small error.

In test 5, which is shown in Fig. 16, the approximation slightly
overestimates the distillate production. Therefore, the overshooting
(like in test 5) might compensate for the undershooting (like in test 3) in
a practical application. The same can be seen in the results of test 2
(overestimation of the approximation) and test 6 (underestimation of
the approximation).

The test result with the salt shock can be seen in Fig. 17. The earlier
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Fig. 10. Predicted flux versus measured flux of the regression model. The
article results are from [24]. Approx stands for approximation.

described emptying of the air gap can again be seen in this test twice.
Once around 400 s and around 1000 s. Overall, the approximation still
closely matches the results.

As can be seen in Fig. 18, the time between the steps (Ty) can be
changed to a higher value without loss of accuracy. However, higher
than 90 s (or Ty = % h) is not advised as this increases the error of the
approximation. At first, a lowering of the time between the steps

Probability (-)

-0.2 0 0.2 0.4
Residual (I/m2/h)

Fig. 8. Actual versus prediction plot (left) and normal probability plot (right).
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Fig. 13. Test result of test 2. On the left the total production. On the right the flux.

reduced the error. This is due to the time discrepancy between the
measurement of the temperatures and the measurement of the amount
of distillate. The temperatures are measured directly in the pipe, while
the distillate first must travel out of the module before it enters the
distillate tank where it is weighed. This result in a delay between the
time that the distillate is produced versus the time of measurement.
Therefore, the results with a longer time between steps are more
accurate.

The step response is the fastest response the system can have.
Therefore, it can be stated that all dynamic processes can be approxi-
mated with a time between steps of 90 s, or Ty = 5255h.

4.2. AGMD and sucrose model

4.2.1. Regression model

As previously, 400 simulations were run as this was found to give
adequate results. The following equation was obtained from the
regression for the flux in I/m%/h:

J=ao+aTeon+arTyem+azBrix+a,Qp+as Tfon +ag Tjwm +a7Brix2 +ag Q%

+a9TconTmem+a10TconBrix+ay Teon Qp +ain Tyem Brix+ai3T yem Qp +a14BrixQy
a4

where Teon, Tmem, Brix, and Qs are the condenser and membrane inlet
temperature in °C, sucrose concentration in degree Brix, and feed flow in
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Fig. 16. Test result of test 5. On the left the total production. On the right the flux.

m®/h, respectively. The regression coefficients can be found in Table 11.
Note that the equation is only valid for an AS7 module, which is speci-
fied in previous sections.

4.2.2. Model adequacy

The actual versus residual plot is shown on the left side of Fig. 8. The
points in this plot represent the simulated results in function of the
predicted results of the regression model. Almost all points align
perfectly with the line, thus, the regression formula may be a good

10

representation of the simulation results. However, since some points
deviate from the line, a residual analysis is needed to make sure that the
equation is acceptable.

The normal probability plots can be seen on the right side of Fig. 19.
As for the V-AGMD model of NaCl solution, the shape of the normal
probability plot indicates that there is a heavy-tailed distribution [42].
The residual plot can be seen in Fig. 20, and indicates that the approx-
imation works better for higher fluxes (>5 1/m?/h) than for lower fluxes
(<5 I/m®/h).
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Table 11
Regression coefficients of the regression formula. E-b stands for 107?, so E-5 stands for 1075,
Coefficient Value Coefficient Value Coefficient Value
a -0.2334 as ~0.00107 a0 2.9536 E-4
a; 0.0466 ae 4.192 E-4 a;; —0.0481
as —0.0237 a; 1.6072 E-5 aia —7.1481 E-4
as 0.0377 ag ~0.6807 a3 0.1205
ay —1.6241 ag —1.9657 E-4 a4 —0.0176
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Fig. 19. Actual versus prediction plot (left) and normal probability plot (right) of the AGMD sucrose model.
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Fig. 22. Approximated versus test results of the concentration during the test of
semi batch test 1.

4.2.3. Dynamic validation

The test results for the semi batch test can be seen in Figs. 21 to 26.
The approximation match the test results closely for the flux and the
total distillate production. At the end of the test, the approximated flux
goes to zero as the first two tests were run till the tank was almost empty,
and the pumps could not work anymore. Therefore, the pumps were
stopped which cause the feed flow to go to zero. For the third test, the

12

maximum pressure of the module was reached, and the test was stopped
prematurely to prevent module damage. Consequently, a measurement
of the flux was made before stopping the test and the stopping of the
pump is not shown in the graph. All the approximations were done with
30 s between approximations, (Ty = 529; as Tq is expressed in hours).

The approximated sucrose concentration at the end is slightly higher
than the measured results. A possible reason for this is the slight over-
estimation of flux during the approximation which results in more
removed distillate and thus, in a higher end concentration. Another
possible reason is that it is assumed in the approximation that the
removed distillate is pure water. However, there might still be some
sucrose in the distillate and thus less sucrose left in the feed tank.
Overall, it can be concluded that the proposed methodology can be used
to approximate dynamic process over a wide range of applications.

5. Conclusion

When using green energy to generate heat for membrane distillation
the provided water temperatures are generally not constant. Hence, an
approximation is developed to calculate the flux with non-constant in-
puts. The dynamic input can be approximated as several steady state
inputs as long as the time difference between the two steps is smaller
than 90 s. To test the dynamic behaviour a new test setup was devel-
oped. In standard setups, the temperatures and flows could not be
changed fast enough. In this work, two test setups were interconnected
to form one test setup where the input can be changed rapidly. The
approximation equation closely corresponds to the test results, even
though in some test it slightly overestimates and in other it slightly
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Fig. 25.

underestimates the test results. In practice, the over and underestima-
tion would be less noticeable as the overestimation and underestimation
null each other out over a long time. It was also found that the air gap
can act as a reservoir that holds the water or releases the water suddenly,
which can result in a sudden increase or decrease in distillate produc-
tion, causing an overestimation or underestimation of the test results.
To prove that the methodology works, three semi batch tests on an
aqueous sucrose solution were performed. The approximation matches

13

Test result
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100 200 300
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Test result of semi batch test 3. On the left the total production. On the right the flux.

the test results of the flux and the total distillate production closely.
However, there is a deviation between the approximated sucrose con-
centration and the tested concentration. This might be due to over-
estimation of the flux of approximation or due to small traces of sucrose
in the distillate. In the end, it can be concluded that the proposed
methodology can be used for the approximating dynamic processes.
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