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• MF operation conditions greatly affect
the ﬂux improvement efﬁciency (FIE).
• FIE ﬁrst increases and then decreases
with increasing TMP or inlet velocity.
• Feed concentration always has a positive
effect on the FIE.
• TMP has a more important impact on the
FIE than inlet velocity or concentration.
• Optimization of MF operation conditions
depends on the feed concentration.
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a b s t r a c t
In this study, an artiﬁcial neural network (ANN) model for the turbulence promoter-assisted crossﬂow
microﬁltration (CFMF) process was successfully established, in which the inlet velocity, transmembrane pressure
(TMP) and feed concentration were taken as inputs, and the ﬂux improvement efﬁciency (FIE) by turbulence
promoter was taken as output. Using the trained ANN model, the FIE can be predicted under CFMF operation
conditions that are not included in the training database. It reveals that the FIE ﬁrst increases and then decreases
with increasing either TMP or inlet velocity, and increases with increasing feed concentration. Among three input
variables, TMP has the most important effect on the FIE. The optimization of MF operation conditions was largely
dependent on the feed concentration. The high FIE can be obtained by exerting both high inlet velocity (N0.7 m/s)
and low TMP (b30 kPa) at a relatively low feed concentration (b1 g/L), and both high inlet velocity (N0.7 m/s)
and high TMP (N 70 kPa) at a relatively high feed concentration (N8 g/L). This study provides a useful guide for
the applications of turbulence promoter in CFMF processes.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
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Microﬁltration (MF) is the most popular membrane technology to
remove dispersed particles including colloid, silica, iron oxides [1],
calcite and clay during the drinking water [2] and wastewater [3]
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treatment processes. However, the performance of MF is seriously
hindered by the phenomenon of membrane fouling [4], i.e. deposition
of the rejected particles on the membrane surface, which leads to
the blockage of membrane pores [5] or formation of a cake layer [6],
resulting in an undesirable decline of permeate ﬂux with time.
To alleviate the adverse effects of membrane fouling, different types
of turbulence promoters including static mixer [7], static rod [8], twisted
wire-rod [9], central bafﬂe or wall bafﬂe [10], cone shape insert [11]
and helical screw insert [12] are extensively utilized during various
crossﬂow microﬁltration (CFMF) processes. The use of turbulence
promoters can greatly improve the permeate ﬂux of membrane due to
the increased shear rate on membrane surfaces. The ﬂux improvement
efﬁciency (FIE) by turbulence promoters largely depends on CFMF
operation conditions such as crossﬂow velocity, feed concentration,
transmembrane pressure (TMP), temperature and ﬁltration time, etc.
There is an urgent demand for optimizing MF operation conditions to
achieve high FIE. However, the turbulence promoter-assisted CFMF process is inherently complex due to the complicated relationship between
ﬁltration performance and operation conditions. It is very difﬁcult to
typically describe the highly non-linear behaviors using a mathematical
model.
Artiﬁcial neural network (ANN) is an effective predictive model for
non-linear systems where mathematical models are not applicable
[13]. In the recent years, ANN has been widely used to predict the
membrane performance in various ﬁltration processes including MF
[14], ultraﬁltration [15], nanoﬁltration [16], reverse osmosis [17], dialysis [18] and gas separation [19]. Applications of ANN in MF processes
primarily focus on the prediction of permeate ﬂux and membrane
fouling during CFMF of bentonite [20], protein [21] and colloid [22] suspensions. To the best of our knowledge, the application of ANN in the
turbulence promoter-assisted CFMF process is still limited. Nidal et al.
[20] established two ANN models, using feed temperature, TMP, feed
concentration and crossﬂow velocity as input variables, to predict
the ﬂux sustainability of membranes for different cases with and
without a turbulence promoter during CFMF of bentonite suspensions,
respectively. However, the FIE, which is the primary performance
index for turbulence promoters, was not considered as a target output
of ANN model in their study.
In this study, an ANN model, using inlet velocity, TMP and feed
concentration as input variables, was established to predict the FIE by
turbulence promoter during CFMF of particulate suspensions. Using
the trained ANN model, the effects of MF operation conditions on the
FIE were studied, and the relative importance of each operation condition to the FIE was analyzed. Furthermore, the MF operation conditions
were optimized to achieve high FIE, which provides a useful guide for
the application of turbulence promoter in CFMF processes.

hydrochloric acid (HCl) solution to dissolve the particles blocked in
the membrane pores. At last, the membrane was rinsed with pure
water to remove the residual HCl solution.
A helical screw insert, which is made of stainless steel, was used as
turbulence promoter in this study, as shown in Fig. 1. The outer diameter
of a helical screw insert is 13 mm, and diameter of central rod is 6 mm.
The thickness of helix ridge and width of helical groove are 2 and
12 mm, respectively. The helical screw insert is settled centrally in the
tubular membrane with the help of two supporters at each end of the
membrane module. The steady-state permeate ﬂuxes of MF membranes
with and without turbulence promoter were measured under the same
operation conditions (inlet velocity, TMP, feed concentration), respectively. The inlet velocity is in the range of 0.25–0.75 m/s, TMP is in the
range of 20–90 kPa and feed concentration is in the range of 1–10 g/L.
Accordingly, the Reynolds number is in the range of 3700–11200 and
Froude number is in the range of 0.65–1.95. Under the same operation
condition, the FIE by turbulence promoter was calculated as follows:
FIE ¼

J TP −J NTP
 100%
J NTP

ð1Þ

where JTP and JNTP are the steady-state ﬂux of membrane with and
without turbulence promoter, respectively.
2.2. Preparation of data sets
All of data sets are obtained from MF experiments mentioned above
and are divided into two parts, i.e. training data and testing data, which
are summarized in Tables 1 and 2, respectively.
There are many MF operation conditions that affect the FIE by turbulence promoter, such as inlet velocity, TMP, feed concentration, ﬁltration time and temperature, etc. To produce network complexity and
improve its performance, three operation conditions including inlet
velocity, TMP and feed concentration were taken as the input variables
of ANN model in this study. Filtration time was not taken as an input
variable, because this study primarily focused on the steady-state
performance of MF membrane. The feed temperature was not taken as
an input variable, because all of MF experiments were conducted at
nearly room temperature (30 °C) in this study.
To prevent numerical overﬂows and preserve the interpretation of
weights, experimental data were normalized between −1 and 1 using
the following equation:
X −X min
⌢
−1
Xi ¼ 2  i
X max −X min

ð2Þ

2. Experiment and method

⌢
where X i is the normalized value of Xi, Xmax and Xmin are the maximum
and minimum values of Xi, respectively.

2.1. MF experiment

2.3. ANN modeling scheme

A laboratory-scale CFMF unit was arranged, which consists of a feed
reservoir (10 L) thermostated at 30 °C, a peristaltic pump and measuring equipment (pressure gauge, ﬂow meter). The test ﬂuid is the
suspension of calcium carbonate (CaCO3) with the median particle
size (D50) of 6.18 μm. An electric stirrer was utilized to ensure complete
mixing of feed concentrations. Filtration experiments were conducted
using the singular ceramic tubular membrane (Nanjing University of
Technology, China) of 15 mm inner diameter and 200 mm long, with
an average pore size of 0.91 μm. During a run, both the permeate and
the retentate are recycled back to the feed reservoir to keep the feed
volume constant. After a ﬁltration experiment, the membrane module
was isolated from the ﬁltration unit, standing vertically to drain off the
slurry. Firstly, the membrane module was backwashed with pure
water to completely remove the wet cake deposited on the membrane
surface. Secondly, the membrane module was rinsed with 0.1 M

A commercially available software program (Matlab v.7.0, neural
network toolbox v.4.0.3, the Match Works Inc.) was used to implement
the ANN model on a personal computer.
During the training of ANN, neuron numbers in the input, hidden
and output layers, and transfer functions between the adjacent layers
should be determined. In practice, neuron numbers in the input layer
and output layer are generally determined by the numbers of input
and output variables of the ANN model. The neuron number in the
hidden layer largely depends on complexity of the problem that needs
to be solved. In the absence of any rigorous rule, the optimal number
of neurons in the hidden layer was determined by trial-and-error
method [23,24].
The S shape transfer functions including the tan-sigmoid (tansig)
and log-sigmoid (logsig) transfer function were used in this study. In
general, the tansig function produces output in the range of [−1, +1]
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Fig. 1. Conﬁguration of a helical screw insert (unit: mm).

and logsig function produces output in the range of [0, 1]. Equations of
tansig and logsig function are shown as follows:
−2x

tan sigðxÞ ¼

1−e
1 þ e−2x

ð3Þ

log sigðxÞ ¼

1
:
1 þ e−x

ð4Þ

The back-propagation neural network (BPNN), a multi-layered
feedforward network trained with the back-propagation learning algorithm [25], is the most popular ANN type, since more than 90% of ANN
applications employ BPNN [21]. Therefore, BPNN was employed to
model the turbulence promoter-assisted CFMF process in this study.
However, as a common drawback of ANN, BPNN is easily trapped into
a local optimal solution [26] that may be not the global optimal solution.
The drawback of BPNN is due to the fact that the solution is highly
dependent on the initial random connection weights. There is an urgent
demand for optimizing the initial connection weights of BPNN.

2.4. Genetic algorithm
Genetic algorithm (GA) is a robust global search and optimization
method based on natural genetics and selection [27]. GA generally
begins with a population of represented random solutions so that it is
capable of searching the entire solution space with more likelihood of
ﬁnding the global optimum [28]. The key beneﬁt of GA optimization
strategy is the independence upon the initial value to achieve the
convergence [25]. The combination of BPNN and GA is more and more
popular [23,26–30] to avoid the problem that BPNN is easily trapped
into local optimal solution. Therefore, GA was employed to optimize
the initial connection weights of BPNN in this study. The general
optimization procedure was described in our recent publication [23].
2.5. Analysis of relative importance of input variable
The relative importance of each input variable can be evaluated
using the connection weight partitioning methodology [14,23], which
is shown in Eq. (5).
3
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Table 1
Training data for the ANN model.
Inlet velocity (m/s)

Concentration (g/L)

TMP (kPa)

FIE (%)

0.25
0.25
0.25
0.25
0.25
0.25
0.25
0.38
0.38
0.38
0.38
0.38
0.38
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.63
0.63
0.69
0.75
0.75
0.75
0.75
0.75
0.75
0.75
0.75

1
1
2
5
5
5
10
1
1
1
2
10
10
1
1
1
2
5
5
10
10
1
5
1
2
5
5
5
5
5
10
10

20
50
40
30
50
90
70
30
40
50
20
30
50
20
60
70
70
20
90
40
50
50
30
50
50
30
40
50
70
90
30
70

15.71
20.00
33.33
89.18
93.76
59.15
111.36
23.44
25.88
24.84
38.64
150.00
141.86
28.72
23.08
19.80
55.32
41.03
51.61
162.50
127.86
24.28
95.65
20.00
63.41
67.31
95.31
119.05
90.00
90.36
114.28
191.80
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where, V represented the relative effect of the input variable i, m and h
were the neuron numbers in the input and hidden layer of the ANN
model, respectively.
3. Results and discussion
3.1. Determination of the ANN model
An ANN model with one single hidden layer was established to
model the turbulence promoter-assisted CFMF process in this study,
as illustrated in Fig. 2.
Table 2
Testing data for the ANN model.
Inlet velocity (m/s)

Concentration (g/L)

TMP (kPa)

FIE (%)

0.38
0.5
0.5
0.5
0.5
0.5
0.63

5
1
1
1
2
5
5

30
30
40
50
50
30
70

92.68
27.07
29.33
28.05
59.83
102.38
131.75
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Fig. 2. Schematic diagram of an ANN model.

3.1.1. Determination of transfer functions
The fact that outputs of ANN were normalized between −1 and +1
determines the transfer function between the hidden layer and output
layer being tansig function, which produces an output in the range of
[−1, +1]. The type of transfer function (logsig or tansig) between the
input layer and hidden layer was determined by the trial-and-error
method, and the results were shown in Fig. 3. The sum square error
(SSE) of training data was calculated during the training of ANN.
When the transfer function is tansig, there always is a sudden jump during the gradient descent of the SSE value, as illustrated in Fig. 3(a).
When the transfer function is logsig, the SSE value persistently declines

during the training of ANN, as illustrated in Fig. 3(b). Therefore, the
transfer function between the input layer and hidden layer is logsig.
3.1.2. Determination of neuron number in hidden layer
The trial-and-error method was employed to determine the number
of neurons in the hidden layer of ANN in this study. The average
absolute error (AAE) between the predicted and experimental values
was calculated in terms of Eq. (6), as shown in Fig. 4. All of training
procedures were run four times to average out any possible errors. It
can be seen that the AAE ﬁrst decreases and then increases with the
increasing neuron number in the hidden layer. If fewer neurons in the
hidden layer are used to train the network, the ANN model has a poor
predictive ability. With increasing the neuron number in the hidden
layer, the ANN model has a powerful predictive ability. However, if
more neurons in the hidden layer are used, there is an additive risk of
over-training the network, resulting in the decrease in predictive
accuracy of the ANN model. When the neuron number is 12, the AAE
is relatively smaller for the training data (9.9%) and testing data
(16.76%). Therefore, the neuron number in the hidden layer of the
ANN model is 12 in this study.



 X −X
 pre
exp 
  100%
AAE ¼ 

X exp



ð6Þ

where Xpre is the predicted value of ANN and Xexp is the experimental
value.

Fig. 3. SSE of training data.

Fig. 4. Effects of neuron number in the hidden layer on AAE.
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Fig. 5. Experimental value versus ANN prediction.

3.1.3. Fitting of ANN model to experimental data
The performance of the trained ANN model was evaluated by a
regression analysis between the network prediction and experimental
data, as shown in Fig. 5. The solid line indicates the perfect ﬁtting
curve. The R-value is the correlation coefﬁcient between the outputs
and targets, which is 0.9891 in this study, indicating an excellent
agreement between ANN predictions and experimental data.
3.2. Effects of MF operation conditions on FIE
3.2.1. Effect of TMP on FIE
Using the trained ANN model, the FIE can be predicted under any MF
operation conditions. It also can be used to analyze the effects of MF
operation conditions on the FIE. Fig. 6 shows the effects of TMP on the
FIE at a feed concentration of 5 g/L and different inlet velocities. The
FIE ﬁrst increases and then decreases with the increasing TMP under
the same inlet velocity. It is due to the fact that TMP has both positive
and negative effects on the permeate ﬂux of membrane. TMP is the
driving force for the pressure-driven membrane processes including
MF and UF, as described as Darcy's law (Eq. (7)). TMP therefore has a
positive effect on the permeate ﬂux of membrane.
Jf ¼

TMP
TMP
¼
μ s ðRm þ Rc þ Rb Þ μ s ðRm þrδc þ Rb Þ

ð7Þ

where Jf is the permeate ﬂux of membrane, μs is the feed viscosity, Rm
is the membrane resistance, Rc is the cake resistance, Rb is the poreblocking resistance, r is the special resistance of cake, δc is the cake
thickness.
On the contrary, TMP has negative effects on the permeate ﬂux of
membrane. In our previous study [31], we found that the increased
TMP serves to drive more particles towards the membrane surface
due to the high ﬁltration ﬂow, thereby increasing the thickness of

Fig. 6. Effects of TMP on FIE.
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cake deposited on the membrane. Meanwhile, we also found that high
TMP apparently tends to compress the cake layer, resulting in formation
of a tightly packed cake with low porosity. As a result, cake resistance to
ﬁltration ﬂow increases with increasing TMP. The overall effects of TMP
on the permeate ﬂux of membrane largely depend upon a trade-off between the positive (driving force) and negative (ﬁltration resistance)
effects. In other words, the permeate ﬂux of membrane is jointly
controlled by TMP and ﬁltration resistance. Note that cake resistance
can be signiﬁcantly reduced by using turbulence promoters due to the
increased wall shear stress, which is responsible for the ﬂux improvement. It indicates that the high FIE can be obtained when the permeate
ﬂux of membrane is primarily controlled by the ﬁltration resistance
rather than driving force.
Under the low TMP, the action of driving force to ﬁltration ﬂow is
relatively weak, and thus the permeate ﬂux of membrane is primarily
controlled by the ﬁltration resistance. Under the circumstance, TMP
has a positive effect on the FIE. With the increasing TMP, the action of
driving force becomes more and more strong, but the permeate ﬂux of
membrane is still primarily controlled by the ﬁltration resistance. At
the high TMP, the action of driving force becomes so strong that the
permeate ﬂux of membrane is largely controlled by the driving force.
Under the circumstance, TMP has a negative effect on the FIE.
3.2.2. Effect of inlet velocity on FIE
Fig. 7 shows the effects of inlet velocity on the FIE at a feed concentration of 5 g/L and different TMPs. The FIE ﬁrst increases and then
decreases with the increasing inlet velocity under the same TMP. It
should be noted that the presence of a helical screw insert changes
the ﬂow pattern into a swirling ﬂow. As a result, the turbulence intensity of bulk ﬂow is greatly increased, which is largely responsible for the
improvement of the permeate ﬂux. At a relatively lower ﬂow velocity,
the swirling ﬂow is sufﬁcient to alter the convection on the membrane
surface to a desirable degree, which effectively enhances the permeate
ﬂux of the membrane. At a relatively higher ﬂow velocity, the turbulence intensity in the empty tube is so high that the addition of swirling
ﬂow does not bring about a major improvement in the permeate ﬂux.
In fact, inlet velocity has signiﬁcant inﬂuences on the cake properties
during CFMF of particulate suspensions. In our previous study [31], we
found that the cake thickness decreases and cake porosity increases
with the increasing inlet velocity, resulting in the reduction of cake resistance, which is the positive effect on the FIE. On the other hand, the
cake particle size decreases with the increasing inlet velocity, resulting
in the increase of pore-blocking resistance, which is the negative effect
on the FIE. The decrease of FIE may be due to the signiﬁcant increase
of pore-blocking resistance at a relatively higher inlet velocity.
3.2.3. Effect of feed concentration on FIE
Fig. 8(a) shows the effect of feed concentration on the FIE at an
inlet velocity of 0.5 m/s and different TMPs. The FIE increases with an

Fig. 7. Effects of inlet velocity on FIE.
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Fig. 9. Relative importance of MF operation condition to FIE.

the output [14,23]. It can be seen in Fig. 9 that TMP plays a more important role (41.6%) in the determination of FIE than feed concentration
(30.7%) and inlet velocity (27.7%), but none of MF operation conditions
can be neglected. It needs to jointly control three operation conditions
to achieve the high FIE.
3.3. Optimization of MF operation conditions

Fig. 8. Effects of feed concentration on FIE.

increase of feed concentration at the same TMP, indicating that the feed
concentration has a positive effect on the FIE. The FIE at a TMP of 50 kPa
is higher than that at a TMP of 30 kPa under the same feed concentration
(C N 3 g/L), indicating the positive effect of TMP (TMP b 50 kPa) on the
FIE, and FIE at a TMP of 50 kPa is also higher than that at a TMP of 70 kPa
under the same feed concentration (C N 3 g/L), indicating the negative
effect of TMP (TMP N 50 kPa) on the FIE, which are consistent with
the results in Fig. 6.
Fig. 8(b) shows the effect of feed concentration on the FIE at a TMP of
50 kPa and different inlet velocities. Similarly, the FIE increases with the
increasing feed concentration at the same inlet velocity, indicating the
positive effect of feed concentration on the FIE. The FIE at an inlet velocity of 0.5 m/s is higher than that at 0.3 m/s under the same feed concentration, indicating the positive effect of inlet velocity (uin b 0.5 m/s) on
the FIE, and the FIE at an inlet velocity of 0.5 m/s is also higher than
that at 0.7 m/s under the same feed concentration, indicating the
negative effect of inlet velocity (uin N 0.5 m/s) on the FIE, which are
consistent with the results in Fig. 7.
The positive effect of feed concentration on the FIE is mainly attributed to the fact that feed concentration has positive effects on the
growth of cake deposited on membrane surfaces during CFMF of particulate suspensions. In our previous study [31], we found that the cake
thickness sharply increases with the increasing feed concentration,
thereby greatly increasing the cake resistance. Fortunately, the cake
thickness can be signiﬁcantly reduced by using a turbulence promoter
due to the increased shear rate even at a relatively high feed concentration, resulting in high ﬂux improvement. Therefore, the FIE increases
with the increasing feed concentration.
3.2.4. Relative importance of MF operation condition to FIE
The relative importance of MF operation conditions to the FIE was
analyzed using the connection weight partitioning methodology,
which is very useful for a complex system to ﬁnd the key factor affecting

Among three MF operation conditions, feed concentration is generally constant or known for a ﬁltration task in practice. TMP and inlet velocity are the operation variables that can be manually controlled. There
is an urgent demand for the optimization of both TMP and inlet velocity
to achieve high FIE for a certain feed concentration.
Fig. 10 shows the effects of both TMP and inlet velocity on the FIE
when feed concentration is ﬁxed at 1, 2, 5 and 8 g/L, respectively. It
can be seen that the effects of both TMP and inlet velocity on the FIE
largely depend on the feed concentration. At a relatively low feed
concentration (C = 1 g/L), the high FIE is obtained by exerting
high inlet velocity (N 0.7 m/s) and low TMP (b30 kPa), as shown in
Fig. 10(a). With the increasing feed concentration, increasing TMP is
beneﬁcial to obtain the high FIE, as shown in Fig. 10(b–c). At a relatively
high feed concentration (C = 8 g/L), the high FIE is obtained by exerting
high inlet velocity (N0.7 m/s) and high TMP (N70 kPa), as shown in
Fig. 10(d).
The optimization of MF operation conditions is highly dependent
upon the feed concentration due to a trade-off between the driving
force and ﬁltration resistance. Note that the high FIE is obtained when
the permeate ﬂux of the membrane is primarily controlled by the ﬁltration resistance which can be signiﬁcantly diminished by using a turbulence promoter. At a relatively low feed concentration (C = 1 g/L), the
ﬁltration resistance is relatively low due to the fact that the phenomenon of membrane fouling is not very serious. Under the circumstance,
if exerted TMP is very high, the permeate ﬂux of the membrane will
be primarily controlled by the driving force. Only if exerted TMP is
relatively low (b30 kPa), can the permeate ﬂux of the membrane be
controlled by the ﬁltration resistance, leading to the high FIE. At a
relatively high feed concentration (C = 8 g/L), the ﬁltration resistance
is very high due to the severe fouling. Regardless of TMP, the permeate
ﬂux of the membrane is primarily controlled by the ﬁltration resistance.
Under the circumstance, high TMP is beneﬁcial to achieve the high FIE.
4. Conclusion
An ANN model was successfully established to model the turbulence
promoter-assisted CFMF process. The inlet velocity, TMP and feed
concentration were taken as input variables and the FIE was taken as
output. Using the trained ANN model, the effects of MF operation
conditions on the FIE were investigated. The FIE ﬁrst increases
and then decreases with increasing either TMP or inlet velocity,
and increases with increasing feed concentration. Among three input
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Fig. 10. Effects of both TMP and inlet velocity on FIE.

variables, TMP has a more important impact (41.6%) on the FIE than
inlet velocity (30.7%) and feed concentration (27.7%). The MF operation
conditions were optimized to achieve a high FIE depending upon the
feed concentration, which can provide a useful guide for the applications of turbulence promoter. At a low feed concentration (b 1 g/L),
the high FIE is obtained by exerting high inlet velocity (N 0.7 m/s) and
low TMP (b 30 kPa). At a high feed concentration (N 8 g/L), the high
FIE is obtained by exerting high inlet velocity (N0.7 m/s) and high
TMP (N70 kPa).
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