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Natural gas usually contains a large amount of water and is fully saturated during production operations.
In natural gas dehydration units’ water vapor is removed from natural gas streams to meet sales spec-
ifications or other downstream gas processing requirements. Many methods and principles have been
developed in the natural gas dehydration process for gaining high level of triethylene glycol (TEG) purity.
Among them, reducing the pressure in the reboiler at a constant temperature results in higher glycol
purity. The main objective of this communication is the development of an intelligent model based on
the well-proven standard feed-forward back-propagation neural network for accurate prediction of TEG
purity based on operating conditions of reboiler. Capability of the presented neural-based model in
estimating the TEG purity is evaluated by employing several statistical parameters. It was found that the
proposed smart technique reproduces the reported data in the literature with average absolute deviation
percent being around 0.30%.

� 2014 Elsevier B.V. All rights reserved.
1. Introduction

Generally, large amount of water is accompanied by natural gas
(NG) in the reservoir. Because of this, the produced NG is
completely saturated or at the water dew point. With the aim of
meeting sales specifications or other downstream gas processes
like gas liquid recovery, gas dehydration operation is employed in
NG industry to remove thewater vapor (Bahadori, 2009a; Bahadori,
2009b; Bahadori et al., 2008). From economic and safety points of
view, the water moisture content of NG must be maintained below
a certain threshold (Bahadori, 2007; Bahadori and Vuthaluru,
2009a,b; Gharagheizi et al., 2013; Ghiasi, 2012; Ghiasi and
Mohammadi, 2013; Masoudi et al., 2005; Mohammadi et al., 2005).

In cases where dew point depressions should be of the order of
15� to 49 �C, glycols are commonly used (Lubenau and Mothes,
NN, Back-propagation neural
neural network; FLN, Func-

, Multilayer perceptron; MSE,
basis function network; TEG,
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2009). Amongst different glycols such as diethylene glycol (DEG),
triethylene glycol (TEG), and tetraethylene glycol (TREG), that are
used as liquid desiccants, the most common choice for NG dehy-
dration is TEG (Piemonte et al., 2012). Operation and maintain of
liquid desiccant dehydration equipment is simple (Gironi et al.,
2010; Nivargi et al., 2005). This type of dehydration could be
easily automated for unattended operation; glycol dehydration at a
remote production well is such an example (Bahadori, 2009b;
GPSA, 2004).

Fig. 1 shows the gas stripping section in NG dehydration unit. It
is well-known that pressure reduction in the reboiler (reconcen-
trator) at a constant temperature contributes to higher glycol pu-
rity. Operating range of most reconcentrators is between 1.7 and
5.2 kPa of pressure (Stewart and Arnold, 2011; Wichert and
Wichert, 2004). On standard atmospheric reconcentrators, pres-
sures more than 7 kPa could lead to glycol loss from the still column
and reduction of both lean glycol concentration and dehydration
efficiency (Bahadori et al., 2014). Furthermore, pressures more than
7 kPa are commonly associated with excess water in the glycol.
Consequently, a vapor velocity exiting the still great enough to
sweep glycol out will be created (Stewart and Arnold, 2011). On the
other hand, pressures less than atmospheric are responsible for
increase in the concentration of lean glycol. This is a consequence of
decrease in boiling temperature of rich glycol/water mixture
(Stewart and Arnold, 2011).
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Fig. 1. Schema of gas stripping section in NG dehydration unit.
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As a result of aforementioned issues, it is crucial to calculate TEG
purityas a functionof reconcentrator pressure and temperature. The
main objective of the presented study is evolving a neural-based
model for accurate prediction of TEG purity on the foundation of
multilayer perceptron (MLP) artificial neural network (ANN) as a
well-proven algorithm of machine learning approach. To the best of
author’s knowledge, there is no published work on the subject of
TEGpuritymodeling versus reboiler temperature at various levels of
pressure in gas dehydration systems by means of MLP neural net-
works. Overview of ANNs, computational procedure to develop a
propermodel, and results of the presentedmodel constitute the rest
of the manuscript. The last part concludes this communication.

2. Back-propagation neural network (BPNN): an overview

As a matter of fact, ANNs attain their name from simple pro-
cessing units in the brain namely neurons which are mutually
connected by a network that conveys signals between them
(Chouai et al., 2002; Freeman and Skapura, 1991; Hagan et al., 1996;
Piazza et al., 2006). In 1943, the first artificial neuron has been
generated by McCulloch and Pitts (McCulloch and Pitts, 1943). A
schematic of an artificial neuron is depicted in Fig. 2. The shown
neuron m in Fig. 2 could be illustrated as follows:

rm ¼
Xn

i¼1

ðwmixi þ bmÞ (1)

ym ¼ FðrmÞ (2)

in which x1, x2,.,xn are the inputs; wm1, wm2,., wmn show the
weights; rm is the linear combiner output; bm is the bias term; f is
activation function; and ym is the neuron’s output signal.
ANNs as parallel information processing systems have the
remarkable ability to derive linear or nonlinear mathematical re-
lationships by employing a number of inputeoutput training ar-
rangements from given database (Bain, 1873; James, 1890).
Commonly, ANNs are adjusted or trained so that desired targets
will be yielded from particular inputs. These types of intelligent
techniques could be successfully used to deal with many kinds of
problems such as prediction, pattern recognition, and classification
(Bose and Liang, 1996; Chelgani et al., 2011, 2008; Haykin, 1999;
Kasabov, 1996; Looney, 1997; Stamenkovi�c et al., 2013). It is
generally believed that feed-forward neural networks (FFNNs)
including MLPs, functional link networks (FLNs), and radial basis
function networks (RBFNs) are robust and credible non-linear
classifier recognizer (Looney, 1997).

MLPs, the most popular FFNN employed by chemical, petroleum
and natural gas engineers (Ghiasi et al., 2014, 2013), consist of input
layer, hidden layer(s) and output layer. Fig. 3 demonstrates a
standard three layer MLP network with I input branching nodes, H
neurons in the hidden layer, and O output neurons. The number of
independent parameters affecting the targets designates the
number of input branching nodes. Number of targets defines the
number of output layer neurons. Commonly, the optimum number
of neurons in the hidden layer(s) is determined by trial and error
procedure. The power of MLP network is due to its ability to
represent non-linear functions. To incorporate non-linearity into
the MLPs, several types of activation functions like threshold
transfer function, log-sigmoid transfer function, and tan-sigmoid
transfer function could be utilized.

For training the MLP-ANN to adjust the values of synaptic
weights between existing computing cells of the network, it is
necessary to employ a proper learning algorithm. Back propagation
neural network (BPNN), as a popular type of MLP networks, uses
the BP learning algorithm to perform training process. BP algorithm
is a supervised training paradigm that consists of different training
methods. The basic BPNN uses the gradient descent method to
minimize the error between the targets and the predictions of the
network. Equation (3) represents a cost function, e, for evaluation of
error:

e ¼ 1
2
ðt � oÞ2 (3)

in which t and o indicate target value and output of the network,
respectively.

Owing to the fact that LMmethod renders the best performance
over other BP algorithms, in this study, BPNN is trained by the
LevenbergeMarquardt (LM) technique (Ghiasi, 2012; Ghiasi And
Ghayyem, in press; Levenberg, 1944; Marquardt, 1963). LM is an
iterative solution method that minimizes the sum of squares of
errors (Ghiasi, 2012; Press et al., 1992).
3. Development of intelligent model to predict TEG purity

The primary purpose of the present study is to develop a BPNN
model to estimate TEG purity in gas dehydration systems. Design of
BPNN for the application of interest is described step by step in this
section. The required data to develop this model includes the re-
ported TEG purity and concentration data as a function of recon-
centrator (reboiler) temperature and pressure (Stewart and Arnold,
2011). The operating ranges of gathered database for TEG purity are
given in Table 1.

First, all the collected data points from open literature (Stewart
and Arnold, 2011) was normalized between 0.105 and 0.805 by
employing Equation (4). This pre-processing step has been per-
formed with the aim of modifying the input parameters



Fig. 2. Typical model of an artificial neuron [33].

Fig. 3. A typical 3-layer MLP.

Table 2
Results of the constructed MLP networks for predicting TEG purity.

Network topology Training Validation Test

MSE R-value MSE R-value MSE R-value

2-1-1 4.9E-4 0.9882 9.2E-4 0.9495 2.1E-4 0.9442
2-2-1 4.5E-4 0.9880 1.4 E-4 0.9969 1.7 E-4 0.9950
2-3-1 2.9E-4 0.9919 5.4 E-4 0.9984 1.6 E-4 0.9693
2-4-1 2.1E-4 0.9949 1.5 E-4 0.9802 1.4 E-4 0.9551
2-5-1 2.7E-5 0.9993 4.8E-5 0.9988 2.1E-5 0.9996
2-6-1 1.3E-5 0.9996 7.2E-6 0.9998 3.8E-5 0.9994
2-7-1 1.1E-5 0.9997 8.8E-6 0.9997 9.9E-6 0.9998
2-8-1 1.1E-5 0.9997 1.9E-5 0.9998 1.0E-5 0.9997
2-9-1 1.0E-5 0.9997 8.7E-6 0.9994 3.6E-6 0.9998
2-10-1 8.7E-6 0.9998 1.2E-5 0.9993 7.2E-6 0.9999
2-11-1 6.7E-6 0.9998 6.7E-6 0.9998 7.6E-6 0.9988
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distribution to reduce the difference between the network outputs
and corresponding target values.

bnorm ¼ 0:7
ln
� ðb�bminÞ
ðbmax�bminÞ þ 1

�

lnð2Þ þ 0:15 (4)
Table 1
Operating ranges of collected database for TEG purity.

Parameter Minimum Maximum Mean

TEG purity, wt% 0.954 0.998 0.983
Pressure, kPa 67 122 93.04
Temperature, �C 149 204 174.22
in which b is the data which should be normalized; bmax and bmin
are maximum and minimum of the original data, respectively;
bnorm shows the normalized data which transformed.

The next step constitutes dividing the database into three sub
data sets including training data, validation data, and test data. The
training dataset is used in learning process to tune the synaptic
weights of the constructed network. A drastic problemwith neural
networks is their tendency to over-fitting. This problem is exag-
gerated when the model has many parameters. The allocated
dataset for validation is employed to avoid developing an over-
fitted model. The test set is utilized to evaluate the estimation
capability of the built model.

The third step in the modeling procedure is sizing the BPNN
structure in order to have the best predictions. A BPNN, as kind of
MLP networks, with a single hidden layer (Ghiasi et al., 2013; Ghiasi
And Ghayyem, in press; Hornik et al., 1989; Mohammadi and
Fig. 4. Structure of the best BPNN for prediction of TEG purity.



Fig. 5. Performance of the developed BPNN with 2-11-1 topology in estimating the
TEG purity.

M.M. Ghiasi et al. / Journal of Natural Gas Science and Engineering 17 (2014) 26e32 29
Richon, 2007; Zendehboudi et al., 2013) has been employed to
model the TEG purity, j, as a function of pressure and temperature
of the reboiler:

j ¼ f ðT; PÞ (5)

inwhich T and P stand for temperature and pressure of the reboiler,
respectively. As previously mentioned, number of input layer
branching nodes and number of neurons of the output layer are
equal to the independent variables and independent parameters,
respectively. However, there is no universal rule to determine the
number of hidden neurons. In this work, mean squared error (MSE),
Fig. 6. Training state plot of the best
as defined by Equation (6), and R-value are chosen as criteria for
investigating the accuracy of constructed networks having different
hidden neurons.

MSE ¼ 1
n

Xn

i¼1

ðti � oiÞ2 (6)

The last issue is defining the transfer functions of the network.
For output layer a linear transfer function has been assigned. The
hidden layer uses a tan-sigmoid transfer function. Tan-sigmoid
produces outputs between �1 and þ1 and it could appear as
follows:

f ðxÞ ¼ 2
1þ expð�2xÞ � 1 (7)
4. Results and discussion

The number of hidden neurons of BPNN was varied from 1 to 11
to find the best neural-based model for accurate prediction of TEG
purity. For each constructed network both MSE and R-value are
measured. The obtained values for the statistical parameters are
tabulated in Table 2. According to the Table 2, the best network
topology for TEG purity modeling is 2-11-1. The presented BPNN
with 2-11-1 structure has the lowest MSE compared to the other
developed networks. Furthermore, the values of correlation co-
efficients for the selected network are sufficiently close to þ1.
Graphical illustration of the proposed BPNN structure is shown in
Fig. 4. As regards to the number of hidden neurons, it can be
concluded that the three layer MLP network trained with BP
learning algorithm provides consistently satisfactory predictions
when the hidden layers consists of 11 neurons; hence, the
BPNN for TEG purity estimation.



Fig. 7. R-values of training, validation and test sets for selected BPNN.

Fig. 8. Histogram of error values for the best BPNN.
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performance of networks having more hidden layers are not eval-
uated in this work.

Fig. 5 shows the estimation capability of the network with 11
neurons in the hidden layer in terms of MSE. Training state plot of
the BPNN having optimum number of hidden neurons is provided
in Fig. 6. Cross plot of the selected network for training, validation,
and test sets is depicted in Fig. 7. Distribution of errors between the
reported data for TEG purity (Stewart and Arnold, 2011) and pre-
dictions of the best BPNN is demonstrated in Fig. 8. Summary of the
best BPNN results for estimation of TEG purity in comparison with
some reported data (Stewart and Arnold, 2011) is given in Table 3.
As can be seen from Table 3, the predictions of the presented BPNN
are in good agreement with the reported data in the literature.
With accordance to the fact that the developed BPNN is categorized
as a mathematical model, it can be successfully utilized across the
operating ranges of the gathered databank.

5. Summary and conclusions

In the presented communication, there was a try to model the
TEG purity as a function of reboiler (reconcentrator) pressure and
temperature by means of ANNs. To this end, the well-proven three-
layer MLP-ANN coupled with BP learning algorithmwas employed.
The BP learning paradigm was trained by the LM iterative method
to achieve the best results. The required data formodeling purposes
were gathered from reliable literature. Trial and error procedure
was employed to find the optimum number of hidden neurons. The
best network topology found to be 2-11-1 by monitoring the ob-
tained values of MSE and R-value as performance criterion for
different constructed BPNNs. According to the error analysis results,
the proposed BPNN with 2-11-1 structure regenerates the training,
validation, and test datasets with MSEs being less than 8 � 10�6.
Table 3
Predictions of the best BPNN in comparison with typical data [17].

Pressure, kPa Temperature, �C TEG purity, weight fraction Absolute
deviation
percent

Reported [17] Predicted

67 149 0.9780 0.9779 0.01
160 0.9845 0.9802 0.43
171 0.9890 0.9869 0.21
185 0.9926 0.9887 0.39
204 0.9957 0.9953 0.04

80 154 0.9770 0.9775 0.05
163 0.9825 0.9795 0.30
177 0.9882 0.9861 0.21
182 0.9900 0.9891 0.09
199 0.9939 0.9930 0.09

93 157 0.9745 0.9766 0.21
166 0.9810 0.9791 0.19
174 0.9850 0.9804 0.46
188 0.9900 0.9821 0.80
196 0.9917 0.9928 0.10

101 151.5 0.9667 0.9739 0.74
166 0.9785 0.9782 0.03
179.5 0.9857 0.9807 0.50
190.5 0.9896 0.9821 0.75
201.5 0.9918 0.9828 0.91

110 149 0.9590 0.9580 0.10
157 0.9685 0.9683 0.02
163 0.9735 0.9764 0.30
177 0.9870 0.9812 0.59
188 0.9980 0.9911 0.69

122 151.5 0.9580 0.9611 0.32
166 0.9735 0.9734 0.01
182 0.9840 0.9800 0.40
193 0.9880 0.9818 0.63
204 0.9903 0.9923 0.20

Average absolute deviation percent 0.32
Hence, the predictions of the presented intelligent technique are in
good agreement with reported data in open literature.
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Symbols used

b The data which should be normalized
bmax Maximum of the original data
bmin Minimum of the original data
bnorm The normalized data which transformed
bm Bias term
e Cost function
f Activation function
n number of points
o Predicted value
P Pressure, kPa
rm Linear combiner output
t Target value
T Temperature, �C
wmn Synaptic weight
x data point
xn Input signal of neuron
y data point
ym Neuron’s output
j TEG purity, weight fraction
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