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Abstract - Droplet size is a fundamental parameter for Venturi scrubber performance. For many years, the
correlations proposed by Nukiyama and Tanasawa (1938) and Boll et al. (1974) were used for calculating
mean droplet size in Venturi scrubbers with limited operating parameters. This study proposes an alternative
approach on the basis of artificial neural networks (ANNs) to determine the mean droplet size in Venturi
scrubbers, in a wide range of operating parameters. Experimental data were used to design the ANNs. A
neural network was trained based on the liquid to gas ratio (L/G) and throat gas velocity (V,s), as input
parameters, and the Sauter mean diameter (Ds;) as the desired parameter. The back-propagation learning
algorithms were used in the network and the best approach was found. A new formula for the prediction of
D3, using the weights of the network was then generated. This formula predicts mean droplet size in Venturi
scrubbers more accurately than the correlations of Boll ef al. (1974) and Nukiyama and Tanasawa (1938). The
Average Absolute Percent Deviation (AAPD) of our formula and the Boll et al. and Nukiyama and Tanasawa
correlations for the full ranges of experimental data are 26.04%, 40.19% and 32.99%, respectively.

Keywords: Venturi scrubber; Droplet size; Artificial neural networks (ANNs); Boll correlation; NT

correlation.

INTRODUCTION

Venturi scrubbers are used to collect particulate
or gaseous pollutants from gas streams. Their main
practical advantages are the removal of both tiny
particles and toxic gaseous components. Liquid is
atomized to very small droplets and these droplets
remove pollutants from the gas by impaction and
interception mechanisms. The collection efficiency is
a complex function of many parameters, including
droplet size and concentration distribution, liquid to
gas ratio, jet penetration, and liquid film fraction.
One of the most important parameters for

*To whom correspondence should be addressed

performance, calculations and modeling of Venturi
scrubbers is droplet size.

Two correlations have been used to estimate the
mean droplet size in Venturi scrubbers: one is the
classic correlation proposed by Nukiyama and
Tanasawa (1938) and another is the correlation of
Boll et al. (1974). Several models for Venturi
scrubbers have used the correlation developed by
Nukiyama and Tanasawa (1938) for pneumatic
atomizers to specify droplet size. In this correlation,
the gas velocity is considered to be high (73-230 m/s)
and the liquid to gas ratio as low as 0.08-1.0 L/m”.
The correlation is given as:
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Parker and Cheong (1973), who injected water as
a film, measured the droplet size downstream from
their Venturi scrubber. They indicated that the water
entraining produces a large number of small droplets
in the size range of 10-20 um in diameter, which is
smaller than the sizes predicted by the equation of
Nukiyama and Tanasawa (1938). These are atomized
by aerodynamic forces in the throat.

Boll et al. (1974) reported mean drop size
measurements in a commercial-scale Venturi scrubber
using practical ranges of operating conditions. They
varied the liquid to gas ratios from 0.6 to 2.4 L/m’
and assumed that the droplets were created
immediately when injection is started. As a result of
their experiments with spray injection, they proposed
the following correlation for an air/water system:
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Leith et al. (1985) presented data for droplet size
in a Venturi scrubber. They used a constant throat
gas velocity of 72 m/s, and a liquid-to-gas ratio of
1.3 L/m’. They reported Sauter mean diameters in the
range of 200-500 pum.

Alonso et al. (2001) reported new data taken in a
cylindrical laboratory-scale Venturi, using the
Fraunhofer diffraction technique for size measurements.
The gas velocities and liquid to gas ratios were
varied from 50 to 90 m/s and 0.5 to 2.0 L/m’,
respectively. The results were used to identify the
most suitable correlations to describe the droplet size
and the authors concluded that the Sauter mean
diameter can be properly correlated with the
equation of Boll et al. (1974).

Costa et al. (2004) using the same technique as
Alonso et al. (2001), measured the droplet size as a
function of gas velocity (58.3 to 74.9 m/s), liquid to
gas ratio (0.07 to 0.27 L/m®), and distance from
liquid injection point (64 to 173 mm) in a
rectangular-scale Venturi and concluded that neither
the correlation of Nukiyama and Tanasawa (1938)
nor that of Boll et al. (1974) gives satisfactorily
predictions of the experimental data.

Silva et al. (2009) obtained new data on droplet
size, which was measured by laser diffraction. Two
different methods of liquid injection were addressed
and liquid flow rates extended into a range of low
liquid loading (0.013-0.075 kg/s) and the maximum
velocity at the throat was 70 m/s. They concluded
that, when liquid is injected as spray, droplet size is
mostly controlled by the nozzle characteristics and
the interaction with the gas in the upstream in the
Venturi.

Guerra et al. (2009) measured the effect of
multiple jet liquid injection on the formation and
distribution of droplets in a Venturi scrubber. They
considered different liquid injection configurations
with gas velocity and liquid flow rates as parameters.
They also studied the evolution of the droplet size
along the axis of their Venturi scrubber.

Several data infilling techniques such as artificial
neural networks (ANNSs), regression methods and
stochastic models have been commonly used, but the
artificial neural networks (ANNSs) technique can be
used to express a non-linear mapping between
variables with no prior assumptions on the variables
and this technique can cope with missing data
(French et al., 1992). Nasseh et al. (2007, 2009)
designed a new model based on artificial neural
networks to predict the pressure drop in Venturi
scrubbers. They used several sets of experimental
data from Venturi scrubbers to design an ANN.
Their results showed that ANNs give a better
performance for predicting the pressure drop than
annular two-phase flow models. Taheri ef al. (2008)
used the same procedure to predict the collection
efficiency in Venturi scrubbers, but there is no study
on the application of ANNs to predict the droplet
size in Venturi scrubbers in literature. The two
correlations of Nukiyama and Tanasawa (1938) and
Boll et al. (1974) are widely used for prediction of
the mean droplet size in Venturi scrubbers. However,
the range of application of these correlations is
restricted to the range of experimental data of liquid
to gas ratio and throat gas velocity used for deriving
them. Therefore, more research on the application
of new techniques such as ANNs to predict droplet
size in Venturi scrubbers over a wider range of
experimental data is needed.

The purpose of this study was to determine the
Sauter mean diameter of droplets based on artificial
neural networks in Venturi scrubbers and to
introduce a new formula using the weights of the
network. The accuracy of this new formula based
on ANNs was investigated and the results were
compared to the correlations of Nukiyama and
Tanasawa (1938) and Boll et al. (1974).
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ARTIFICIAL NEURAL NETWORKS

Neural networks are powerful tools for the
approximation of unknown nonlinear functions and
have gained applications in a variety of fields
(Mousavi Dehghani et al., 2008). ANNs are
collections of small individual interconnected
processing units. Information is passed between
these units along interconnections. They learn the
relationship between the input and the output. The
network usually consists of an input layer, some
hidden layers, and an output layer (Kalogirou, 2000).
Each input is multiplied by a connection weight. In
the simplest case, the products and biases are simply
summed, then transformed through a transfer
function to generate a result, and finally the output is
obtained (Sozen et al., 2005). An important stage of
a neural network is the training step. The most
famous training algorithm is the back-propagation
algorithm (BP). Back-propagation-type neural networks
have an input, an output and, in most of the
applications, have one hidden layer.

Back-propagation training algorithms of gradient
descent and gradient descent with momentum are
often too slow for practical problems because they
require small learning rates for stable learning. Faster
algorithms such as conjugate gradient, quasi-
Newton, and Levenberg-Marquardt (LM) use standard
numerical optimization techniques. The LM method
is in fact an approximation of Newton’s method
(Sozen et al., 2009).

The error during the learning is called the Mean
Squared Error (MSE) and is defined as:

i (O —Ti)2
n

MSE = 3

in which, O; is the desired output for the training data
or cross-validation data i, T; is the network output for
the training data or cross-validation data i, and n is
the number of data in the training data set or the
cross-validation data set.

The effectiveness of various methods of estimating
the relative importance of input parameters

in ANN models has been reviewed (Gevrey et al.,
2003; Olden et al., 2004). Olden et al. (2004)
compared a number of methods to determine the
importance of parameters in ANNs using a
simulation-based approach. Their proposed connection
weight method outperforms all other methods in
determining relative parameter importance in
ANNS.

The connection weight method sums the product
of the weight of the connection from input neuron to
the hidden neurons with the weight of the connection
from the hidden neurons to the output neurons for all
input parameters. The importance of a parameter is
great if the sum of connection weights for that
parameter is large. The relative importance of an
input parameter i is determined using the following
Eq. (4), (Olden et al., 2004):

Imp(i) = 2L (CWipx) CWio () “4)

where Imp(i) is the relative importance of parameter
i, n is the total number of hidden neurons, x is the
index number of the hidden neuron, CWiyy) is the
connectivity weight between input parameter i and
the hidden neuron x and CWh) is the connectivity
weight between the hidden neuron x and the output
neuron. In this study, Eq. (4) was used to determine
the importance of parameters in our ANN.

ANN DETAILS AND DATA PREPARATION

This study applied ANNs to calculate the Sauter
mean diameter in Venturi scrubbers. Experimental
data were extracted from several papers (Boll et al.,
1974; Alonso et al., 2001; Costa et al., 2004; Guerra
et al., 2009) with different variables and methods of
liquid injection. These data were used for training
the network; their ranges are summarized in Table 1.
The input vectors for the network were liquid to gas
ratio (L/G) and throat gas velocity (Vgu), whereas the
output vector was the Sauter mean diameter (Ds,) in
the Venturi scrubbers. The design of the ANNs is
shown in Fig. 1.

Table 1: The ranges of experimental data used for training network.

V en, (0/5) L/G (m*/1000 m®) D,(1um) Reference
30.48, 45.72, 60.96, 91.44 0.6-2.4 40 - 560 Boll et al. (1974)
50, 70, 90 0.5-2 30-140 Alonso et al. (2001)
58.3, 66.6, 74.9 0.07,0.17,0.27 28.4-170.8 Costa et al. (2004)
59, 64, 69, 74 0.07-0.3 22.5-143 Guerra et al. (2009)
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Figure 1: The design of ANNS.

The ANN contains three layers and used the feed-
forward back-propagation algorithm to train the
input data. The learning algorithm employed in this
study was LM, which is a faster algorithm than other
algorithms. Tan-Sigmoid (Tansig) and Pureline
transfer functions were used in the hidden and output
layers, respectively. A computer program was
developed under MATLAB software (Matlab User’s
Guide, Copyright, 2008). In the training, six neurons
were applied in a hidden layer to obtain more
accurate outputs. The neurons in the hidden layer
perform two tasks: they sum the weighted inputs
connected to them and pass the resulting summations
through a non-linear activation function to the output
neuron or adjacent neurons of the corresponding
hidden layer.

The correlation coefficient between the dependent
and independent parameters may be improved by
normalizing the distribution data. Inputs and outputs
are normalized in the range of (-1,1) as follows:

XNZQX{M}_I (5)
Xmax _Xmin

where Xy is the original data; X, is the minimum of
XRr; Xmax 1S the maximum of Xy and Xy is the result
of normalization. The input and target vectors
entered the network normalized and the network was
trained with these vectors. To train the ANN, no
more patterns are necessary. The aim of ANN is to
estimate the internal values accurately according to
statistical values such as: Linear Correlation
Coefficient (R), Mean Squared Error (MSE); the
training can be achieved with sufficient data. When
the network training was successfully finished, the
network was tested using the test data.

RESULTS AND DISCUSSION

In this study, a set of 652 experimental data
points (Boll et al., 1974; Alonso et al., 2001; Costa
et al., 2004; Guerra et al., 2009) for droplet diameter
was used to design the ANNs. Moreover, 70% of the
data (i.e., 456 data) was used for training process,
15% (i.e., 98 data) for validation and the rest 15%
(i.e., 98 data) for testing. The best approach, which
had minimum error, was performed by the LM
algorithm with 6 neurons in the hidden layer.
Performance of the network in training, validation
and test is illustrated in Figs. 2-4.
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N
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»

E
=2

Normalized output (Network values)

Figure 2: Performance of the network for the training data set.
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Figure 3: Performance of the network for the validation data set.
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Figure 4: Performance of the network for the testing data set.

coefficient

Table 2 gives the ANN performance in terms of: 2
mean squared error (MSE), normalized mean squared i~ m_
error (NMSE), mean absolute error (MAE), minimum
absolute error and maximum absolute error and the
(R) between
experimental data and neural network outputs.
A plot of the training, validation, and testing
errors; is shown in Fig. 5. The result is reasonable
because the test set error and the validation set error
have similar characteristics and it does not appear __ _
that any significant overfitting has occurred. The Ds2 0.0461F, ~0.8102F, +0.31915,
training was stopped after 15 iterations, where the
best validation performance occurs. This figure also
shows the mean square error of the network starting
at a large value and decreasing to a smaller value. In
other words, it shows that the network is learning.
According to the above network training, a
formula for mean droplet diameter prediction was
developed by using the algorithm’s weights. The
Tan-Sigmoid (Tansig) transfer function used in the
hidden layer is given in Eq. (6):

the i=1:6
where E; values are given in Table 3.

diameter prediction.

and 0.9210, respectively.
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(6)

Therefore, Egs. (6) and (7) permitted mean droplet

(7
~0.1103F, +0.2402F; +0.7575F, +0.8799

The results are shown in Fig. 6 for D;;, prediction
using this formula based on the algorithm’s weights.
This formula gives a very accurate representation,
indicated by the statistical values such as R and
MSE, over the full range of operating conditions.
The mean square error and Linear Correlation
Coefficient for the new proposed model are 0.0065
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Table 2: Performance of ANN model for test data set.

Performance Best Network
MSE 0.003417
NMSE 0.034836
MAE 0.039539
Min absolute error 0.000908
Max absolute error 0.225085
R 0.98329

Best Validation Performance iz 0.0066952 at epoch 15
10F T T T T T T — T —

Mean Squared Error {(MSE)

0.001k i i j i i 1 IR . il
0 7 4 3 3 w17 14 16 1§ 20

2] Fpochs
Figure S: Performance of the network at different epochs.

Table 3: Weight values obtained by the LM algorithm with 6

neurons.
L
E; = W XV + Wy XE"'bi
i Wi Wi b;
1 1.0101 5.1757 3.7899
2 1.8249 5.5311 6.3559
3 8.3765 2.1827 0.6230
4 1.0427 -5.1016 1.9217
5 10.5198 0.6973 1.7401
6 -19.1645 0.5104 -9.3669

m
4]

y=1.0146x+0.0118
R=0.92 11

‘e

Normalized output (Experimental data)
o

4
e

Normalized output (Network values)

Figure 6: Performance of the network output versus experimental
data in the output.
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In Figure 7 the experimental data for mean droplet
diameters (Ds,) are compared with those calculated by
this new formula, Boll’s correlation and the Nukiyama
and Tanasawa (N.T)’s correlation for the same liquid to
gas ratio (L/G) and throat gas velocity (V). It can be
seen that there is an excellent agreement between the
results of our formula and the experimental data. From
this figure, the Average Absolute Percent Deviation
(AAPD) parameter for the results of our formula and
the Boll and N.T correlations are 4.25%, 51.93% and
42.6%, respectively according to the expression:

N

D -D

AAPD =iz —2ew Rl |00 (8)
N i=1 D32exp i

Moreover, the AAPD for the full ranges of
experimental data used in this study for our formula
and the Boll and N.T correlations was 26.04%,
40.19% and 32.99%, respectively. The ranges of
application of our formula and the Boll and N.T
correlations are given in Table 4.

Figures 8, 9, 10 and 11 compare the results of this
new formula for predicting mean droplet size with
experimental data and those predicted by the Boll
et al. (1974) and N.T (1938) correlations for
different liquid to gas ratios and throat gas velocities.
As one can see from these figures, there is an
excellent agreement between the results of our
formula and the experimental data.
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Figure 7: The comparison of different models with the results of the ANN

Table 4: The ranges of application of correlation for predicting mean droplet size.

Ranges of application

Correlation L/G (m*/1000 m®) Vu(m/s)
This work 0.07-2.4 30.48-92
Boll et al. (1974) 0.6-2.4 30.48, 45.7, 60.96, 91.44
Nukiyama and Tanasawa (1938) 0.08-1.0 73-230
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0% X X X X X

b
=
; 40 A A A A Fy
E 30 4 Formula ofthis work
3 # Expenimental data {Guema etal, 2009)
8 20 4
= A Boll correlation (1974)

10 1 % NT correlation (1938)

0 T T T T

0 0.00003 0.0001 0.00015 0.0002 0.00025
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Figure 8: Variation of D, with liquid to gas ratio for V=74 m/s.
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Figure 9: Variation of D, with liquid to gas ratio for V=90 m/s.
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Figure 10: Variation of D3, with throat gas velocity for L/G=0.00007 m*/m’.
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Figure 11: Variation of D3, with throat gas velocity for L/G=0.0001 m’/m’.

Finally, the relative importance of the input
parameters was determined using Eq. (4). The value of
the sum of weights (i.e., Imp(i)) for input parameters,
namely the throat gas velocity and the liquid to gas
ratio (L/G) were -16.303 and -2.906 respectively. This
shows that the throat gas velocity has a greater
influence on the output parameter (i.e., mean droplet

size); therefore, the parameter Vg, significantly
contribute to the predictive ability of the ANN model.
The larger negative value of Imp(i) for the throat gas
velocity shows that the output parameter is inversely
proportional to this parameter. This finding is in
accordance with the correlations of Nukiyama and
Tanasawa (1938) and Boll ez al. (1974).
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CONCLUSIONS

An ANN based methodology for the calculation
of droplet size in Venturi scrubbers was developed
and a new formula for predicting mean droplet size
was introduced. With the formula obtained, the user
may use such results without a system running the
relevant ANN software. Also, the connectivity
weight method quantified the total of the connection
weights from input to output for each parameter and
showed that the throat gas velocity is the major
factor that influences droplet size in Venturi
scrubbers. The liquid to gas ratio plays a minor role.
This new empirical formula calculates the droplet
size over a wider range of the liquid to gas ratio and
throat gas velocity than the correlations of Nukiyama
and Tanasawa (1938) and Boll et al. (1974). The
comparison of the prediction accuracies of our
formula based on the ANN model with the two
previous correlations indicated that our formula is
more accurate than the mentioned correlations in
predicting Ds;.

NOMENCLATURE

D3, Sauter mean diameter m
L/G liquid to gas ratio m’/m’
n number of data in the training

data set or the cross-validation

data set
N the number of the data
Oi desired output for the training

data or the cross-validation data 1
Q. volumetric gas flow rate m’/s
Q volumetric liquid flow rate m’/s
R Linear Correlation Coefficient
Ti network output for the training

data or the cross-validation data
i

Ve gas velocity in the throat m/s

Greek Letters

c surface tension N/m

U liquid viscosity kg/m.s

Pl liquid density kg/m’

Vi Relative axial velocity between m/s
gas and liquid

Subscripts

L liquid

g gas

th throat
exp experimental
cal calculated
r relative
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