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ABSTRACT
In this work, with the aim of accurate prediction of water content, H2S and CO2
absorption capacity of diethanolamine (DEA) solvent in Khangiran gas sweetening
plant, an artificial neural network (ANN) model of feed-forward multilayer
perceptron, with the learning algorithm of Levenberg-Marquardt has been
developed. The training, validation, and testing of the ANN model, respectively, was
performed using 70%, 15%, and 15% of all of the gathered operation data. An
optimization procedure on the basis of the genetic algorithm was implemented to
select the optimum ANN architecture. Accordingly, a three layer feed-forward
neural network with Levenberg-Marquardt back-propagation training algorithm was
designed and developed. The structure of the model comprised of 12 variables as
inputs and three as outputs, 13 neurons in the hidden layer, the log-sigmoid transfer
function in the hidden layer, and the output layer containing linear transfer function.
The results, based on statistical analysis, showed very little difference between the
predicted and actual operation data with a remarkably low mean square error (MSE)
value and a coefficient of determination (R2) value approaching one. The mentioned
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factors are strong indicators of the proposed model’s high accuracy in predicting the
output variables.
KEYWORDS
Gas sweetening; Absorption; Diethanolamine; Artificial neural network; Genetic
algorithm
INTRODUCTION
Natural gas plays a vital role in providing global energy demand, as it is an
inexpensive and environmental friendly hydrocarbon source. A large amount of the
produced gas contains quantities of acid gases, particularly H2S and CO2 since it
comes from the ground. Severe predicaments, namely freezing, corrosion, erosion,
plugging, and environmental, health and safety hazards can arise on account of
acidic gases. One of the main purification processes employed for the removal of
acidic contaminants from sour natural gases is gas sweetening (1, 2). Available
treating processes for acidic gas removal from natural gas are categorized as follows:
chemical, physical, and hybrid solvents, as well as physical separation (membrane)
and adsorption processes (3, 4). Among these technologies, chemical absorption,
which involves the transfer of components from the gas phase into a liquid phase, is
proven to be an economically efficient process for low-pressure industrial gas
streams of high volume (5).
Absorption processes which incorporate the utilization of chemical solvents are
based on bringing the sour gas into contact an aqueous solution. Alkanolamine
products make up nearly all of the available chemical solvents for gas sweetening
processes and the chief of which are as follows: diethanolamine (DEA),
diglycolamine

(DGA),

mononethanolamine

(MEA),

methyldiethanolamine

(MDEA), and diisopropanolamine (DIPA). Each of the above-mentioned amines has
2

a unique set of properties, making it attractive under particular conditions and
undesirable under others. (6, 7)
Artificial neural networks (ANNs) are algorithms employed to perform nonlinear
statistical modeling and consequently provide a fresh substitute for logistic
regression. The results of successful applications of the ANN technique employed
for various prediction tasks have been reported by several investigators, particularly
in the petroleum industry (8-12). Asadisaghandi and Tahmasebi (13) used this
approach for oil PVT properties prediction. Bar et al. (14), using the ANN method,
investigated the prediction of the pressure drop of non-Newtonian liquids flowing
through pipelines. Predicting permeability impairment as a result of sulfate scaling
(15), assessing casing collapse risk and predicting depth (16), minimum miscibility
pressure (MMP) prediction for CO2 flooding (17), and modeling the rheological
properties of water-based drilling fluids (18) are further cases where the ANN
approach has been successfully applied in the petroleum industry.
Considering the strenuous, costly, and time-consuming nature of experimental
studies, the necessity of numerical studies is unavoidable. Hence, a convenient,
reliable numerical model capable of predicting the output at a wide range of
operating conditions is an absolute requisite. Accordingly, this paper aims to develop
an ANN for estimating the outputs of an absorber column, including water content,
mole fraction of CO2 and H2S acid gases, by means of diethanolamine (DEA) as a
chemical solvent. To the best of our knowledge, this is the first study to numerically
model the amounts of CO2 and H2S absorption simultaneously. Given the crucial
importance of predicting the absorption values of these two acidic gases, the
simultaneous determination of the two values becomes categorically critical which
has led to the development of this model in the present study. In this work, the
operation data of Khangiran gas sweetening plant are utilized, as well as a genetic
3

algorithm for optimization to find the optimum ANN structure. Ultimately, the ANN
approach’s precision is assessed by statistical analysis.
METHODOLOGY
Gas sweetening plant. Figure 1 illustrates the flow diagram of Khangiran gas
sweetening plant, which is at the northeast of Iran. The rich amine generated by the
absorption of feed gas in the absorber contains CO2 and H2S. The rich amine is
flashed into a flash tank and nearly all of its condensates and dissolved hydrocarbon
gases are removed. In this vessel, a minor percentage of the acid gases will flash to
the vapor phase as well. The rich amine then proceeds from the flash tank toward
the heat exchanger which recovers a quantity of the heat of the lean amine stream.
Afterward, the heated rich amine flows into the regenerator tower and the bonds
between the amines and acid gases are broken by the reboiler’s heat. The acid gases
the lean amine are then removed from the top and bottom of the stripper,
respectively. The hot lean amine, holding very little to no acid gas content, proceeds
to the heat exchanger, then the surge tank, and finally the coolers to lower its
temperature to no less than 10°F above that of the inlet gas. After that, the cooled
lean amine is pumped up to the absorber pressure and enters its top. As a result, the
acid gases are absorbed by the amine solution as it flows down the absorber. The
rich amine is ultimately removed at the bottom of the tower and the cycle is repeated.
Fig.1.
Artificial neural networks. Neural networks are computational structures
containing numerous primitive process units (neurons), through the collective
behavior of which, forming generalized representations of complex data structures
is made possible. A multi-layer perceptron (MLP) neural network, which is
employed in the present work, aims to create a model that accurately maps sets of
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input data onto a set of appropriate outputs by utilizing the historical data. MLP
employs the supervised learning technique of back-propagation for training the
network up to the point where the outputs are adequately close to the target values.
After applying the normalization step to both input and target vectors in the data set,
the ANN undergoes the training phase. Once it is trained, the ANN’s aptness for
actual use is assessed. For an accurate validation of an ANN, validation data sets,
different from the training data, must be properly selected. The test error is employed
after the development of the network, aiming to evaluate the model’s accuracy. The
mean square error (MSE) (Eq. 1) and the coefficient of determination (R2) (Eq. 2)
are the statistical parameters utilized in this work with the aim of verifying the ANN
model’s accuracy, as well as comparing its predicted results with the actual data.
MSE computes the average value of the squares of the errors,
n

1
MSE = �(yi − y� i )2
n

(1)

i=1

in which n represents the number of data points, yi denotes the value of actual
(observed) data sets and ŷi shows the value of predicted data sets. R2 facilitates the
determination of the best value of an unknown quantity relating one or several sets
of measurements or observations, particularly to find a curve which best matches a
dataset,
∑ni=1(yi − y� i )2
R =1− n
∑i=1(yi − y� )2
2

(2)

in which y is the arithmetic mean of actual (observed) data sets. (19, 20)
Genetic algorithm (GA). With distinguishing differences compared to more
traditional search algorithms, the GA is capable of attaining the global optima in
complex problems (21). A GA manages the populations of chromosomes by
replacing unfitting candidates in accordance with the fitness function. In this work,
5

the fitness function is selected to be the average deviation between the expected
(actual) and predicted (calculated) values of the absorber tower outputs. Using the
total MSE of the ANN architecture, a chromosome’s fitness value, F, is computed:
1
(3)
U
in which U denotes the sum of the MSE given by Eq. (1). Therefore, smaller values
F=

of total MSE for the network indicate a fitness value closer to 1 (maximum). Upon
the evaluation of the fitness values of all chromosomes, a collection of chromosomes
is updated by employing 3 genetic operators, namely selection, crossover, and
mutation. This research employs an approach called arithmetical crossover to
achieve this task. This is an approach which enables the offspring being generated
and also ensures their existence in the constraint region. In addition, the system
shows more stability and the best solution’s variance is smaller. The process resumes
up until the fulfillment of some predefined termination criteria. The purpose of the
mentioned operation is to make the GA acquire local random research capability via
varying certain genes of the chromosome. A GA facilitates a population comprised
of many individuals to evolve under particular selection rules to a state which
maximizes the fitness values (F) described in Eq. (3) and, in turn, minimize the total
MSE (U) defined in Eq. (1). The result is the obtaining of the ideal prediction by the
ANN. As can be seen in Eq. (3), the minimizing process of the value of U involves
the process of optimizing and adjusting the thresholds and weights of the ANN. The
current study addresses the weight optimization. Figure 2 shows the flowchart of the
GA used in this paper.
Fig.2.
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RESULTS AND DISCUSSION
In this paper, a total number of 79 operational data sets, collected from Khangiran
gas sweetening plant and aptly conditioned, were utilized to assess the prediction
performance of the ANN approach. The important characteristics of the sour gas, as
well as the lean amine, were assigned as input variables to the ANN: volume,
temperature, pressure, the mole fraction of H2S, the mole fraction of CO2, and H2O
content. The outputs of the absorber column were identified as output variables:
mole fraction of H2S, the mole fraction of CO2, and H2O content. Figure 3 presents
the ANN structure designed in this study. Operational datasets were randomly
categorized into three groups in the present study: 70% of the data sets were
allocated for training, 15% for validation, and 15% for test.
Fig.3.
A multilayer feed-forward ANN equipped with back-propagation algorithm was
utilized in this study. The back-propagation method of Levenberg-Marquardt was
employed to train the ANN since it has proven to be the fastest training function and
shows a better performance on nonlinear regression problems and function fitting.
In the architecture of the ANN model, log-sigmoid transfer function and a linear
transfer function were employed in the hidden layer and the output layer,
respectively. The number of neurons present in the hidden layer is an important
parameter highly affecting the performance of the multilayer feed-forward ANN. In
this respect, twenty different 12-x-1 configurations were utilized. The total number
of neurons was varied from 1 to 20 aiming to find the best ANN architecture.
Furthermore, the optimum number of neurons in the hidden layer providing
acceptable estimates of the output was attained using the GA. The variation of the
MSE as a function of the number of neurons in the hidden layer is shown in Figure
4, according to which, the optimum number of neurons present in the hidden layer
7

was found to be 13. The finalized ANN structure employed in this work for
predicting the outputs of the absorber column is presented in Figure 5.
Fig.4.
Fig.5.
A depiction of the variations of MSE for the training data sets is shown in Figure 6
to find the best configuration of the ANN in order to predict the CO2 absorption
capacity. As can be seen, the MSE error starts off with a higher value at the first
epoch and then decreases with the increasing of the epoch. This is due to the fact
that the weights become updated after each epoch.
Fig.6.
A comparison between the predicted (calculated) results of the developed ANN and
the absorber column outputs’ operational data for the training, validation, and test
datasets are shown in Figures 7, 8, and 9, respectively. To assess the developed ANN
model’s performance, a 45° straight line between the predicted values versus
experimental data points was drawn on the cross plot. The slightest deviation from
the 45° line can be observed which indicates a low error of the ANN model in
predicting the target value. Moreover, low MSE values and an acceptable R2 value
(tremendously close to 1) are proof of the ANN approach’s success in accurately
training, validating, and testing the data sets.
Fig.7.
Fig.8.
Fig.9.
Figure 10 compares the whole operating data and predicted values of H2O content,
CO2 and H2S absorption capacity estimated by the ANN model. As can be seen from
8

this figure, there is an acceptable agreement between the predicted and operating
data of the absorber column outputs estimated by the ANN model for the whole mole
fraction range.
Fig.10.
The distribution of the whole data values across a data range has been shown in
Figures 11, 12, and 13. As a result, it was determined by the current study that ANN
is an effective approach for predicting the absorber column outputs in a gas
sweetening plant. This became possible due to the ANN technique’s aptitude in
deriving complex and non-linear relations.
Fig.11.
Fig.12.
Fig.13.
CONCLUSION
This paper presents a new ANN model aiming to predict the water content and CO2
and H2S absorption capacity of DEA in an absorber column. Operational data of
Khangiran gas sweetening plant were amassed and provided to be utilized for
prediction tasks. The model was constructed as a three layer feed-forward ANN with
thirteen neurons in the hidden layer, the log-sigmoid transfer function in the hidden
layer, and linear transfer function in the output later. The architecture of the model
was developed based on the optimization procedure performed by GA. The
insignificant difference between the prediction results of the developed ANN model
and the operational data of the gas sweetening plant for water content, CO2 and H2S
absorption capacity verified the ANN method’s remarkable performance. Moreover,
it was demonstrated by statistical analysis that the ANN approach with its high R2
9

(close to 1) and small MSE (near 0) had the highest capability to predict the output
variables.
NOTATION
f — activation function, dimensionless;
F — fitness value, dimensionless;
n — number of data points, N/A;
U — sum of the mean squared errors, dimensionless;
w — weight factor, dimensionless;
y — input vector, value of actual (observed) data sets, kg.mole/hr;
ŷ — predicted datasets, kg.mole/hr;
y — arithmetic mean of actual (observed) datasets, kg.mole/hr;

SUBSCRIPTS AND SUPERSCRIPTS
1,2,3,…,N — number of vectors;
i — number of factor;
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FIGURE CAPTIONS
Fig. 1, Khangiran gas sweetening plant’s flow diagram
Fig. 2, GA flow chart for the optimization process
Fig. 3, ANN architecture developed for predicting the absorber column outputs
Fig. 4, Variations of the MSE vs. the number of neuron in the hidden layer
Fig. 5, ANN structure designed based upon GA for the prediction task
Fig. 6, A representation of MSE’s variation vs. epoch numbers for training,
validation, and test data sets of CO2 absorption capacity
Fig. 7, Comparison of the predicted ANN results and operating data of the absorber
column outputs for training data sets
Fig. 8, Comparison of the predicted ANN results and operating data of the absorber
column outputs for validation data sets
Fig. 9, Comparison of the predicted ANN results and operating data of the absorber
column outputs for test data sets
Fig. 10, Comparison of the predicted ANN results and operating data of the absorber
column outputs for the whole data sets
Fig. 11, Histogram diagram of the distribution of the whole data values for water
content
Fig. 12, Histogram diagram of the distribution of the whole data values for CO2
absorption capacity
Fig. 13, Histogram diagram of the distribution of the whole data values for H2S
absorption capacity
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