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ABSTRACT
Sodium glycinate solutions have low vapor pressure, low viscosity, and high
chemical reactivity with CO2. They have remarkable potential for removal of
CO2 from the flue gases, because absorption of CO2 with an amino acid salt
solution suchas sodiumglycinate is accompaniedwithprecipitation. As the liq-
uid phase contains solid compounds during absorption of CO2, the reactions
move into the production of various materials and a further amount of CO2
is absorbed. In the current study, a support vector machine algorithm is uti-
lized topredict carbondioxide solubility in aqueous sodiumglycinate solutions
over wide ranges of temperature, pressure, and concentration. The proposed
model can be of immense value for engineers to have a quick check on the CO2
solubility in sodium glycinate solutions without opting for any experimental
works. Results obtained from themodel have shown excellent agreement with
reported data in the literature.

1. Introduction

The main source of the greenhouse gases that have caused global warming is carbon dioxide (Letcher,
2014; Deolalkar, 2016; Sherman, 2016; Tuckett, 2016). Therefore, finding economic processes and novel
technologies is a remarkable aim for researchers and engineers to capture this greenhouse gas from the
gas streams emissions (Schneider and Fujita, 2013; Cuéllar-Franca and Azapagic, 2015; Miller, 2015;
Sreenivasulu et al., 2015). The well-known technologies for removal of CO2 from the flue gas are the
precombustion, postcombustion, and oxyfuel (Stephenson, 2013; González-Salazar, 2015). Absorption
of carbon dioxide through using amine solutions is the widely applied method to capture CO2 from
natural gas and synthesis gas (Nouacer et al., 2014; Wang et al., 2015).

Recently, amino acid salt has been known as a novel type of solution that is now being investigated as
a promising alternative for amines (Payagala andArmstrong, 2012). The cost of amino acid salt solutions
is higher than alkanolamines. However, owning to specific characteristics of these salts, which behave
similarly to an ionic compound, such as having lowvapor pressure, low viscosity, high chemical reactivity,
and appropriate energy requirement with CO2, they have remarkable potential for removal of CO2 from
the flue gases (Kumar et al., 2001). Absorption of CO2 with amino acids salt solution is accompaniedwith
precipitation. As the liquid phase contains solid compounds during absorption of CO2, the reactions
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move into the production of various materials and further amount of CO2 is absorbed (Kumar et al.,
2003).

There are some experimental investigations conducted by researchers on removal of CO2 through
amino acid salt solutions (Kumar et al., 2003; Portugal et al., 2007; Song et al., 2011; Kang et al., 2013;
Mazinani et al., 2015). Absorption of CO2 was investigated by Song et al. (2011) using aqueous sodium
glycinate (10, 20, 30 wt%) at three temperatures (303, 313, 323 K). According to results obtained from
their study, the greater amino acid salt concentration there is the less CO2 loading capacity there is.
Another study was carried out by Munoz et al. (2009) to measure the CO2 loading in the solution of
the potassium salts of proline, glycine, threonine, taurine, histidine, serine, ornithine, and arginine. The
temperature and pressure used in their study were 100 kPa and 293 K, respectively. They figured out that
the amounts of loading of amino acid salt solutions are equal to MEA solution. In addition, Portugal
et al. (2007) experienced CO2 loading in potassium salts of glycinate and threonate. Based on their mea-
surements, as the concentration of potassium glycinate increased, the CO2 loading decreased. The CO2
loading capacity was experienced by Majchrowicz and Brilman (2012) in potassium L-prolinate. Their
results confirmed the results obtained from the previously mentioned experiments.

The ranges of experimental data points present in aforementioned researches cannot cover the neces-
sities in practical applications. In addition, the equilibrium actual data should be presented to assess
the reliability of such systems. Owning to economic considerations, experimental measurements are not
always useful. As the experimental data points present in researches are limited in kind of amino acid
salt solutions and operational situations, prediction phase behavior of CO2 loading in amino acid salt
solutions has great importance.

Beside thermodynamic approaches that can apply for phase equilibriummodeling of CO2 loading in
amino acid salts solutions (Mondal et al., 2015), there are simple-to-apply methods regarding this prob-
lem (Momeni and Riahi, 2014). Accordingly, development of wide-ranging models is desirable to esti-
mate liquid–vapor equilibrium relationships. In this regard, there are four commonly applied approaches
based on smart computational intelligence paradigms, i.e. the artificial neural network (ANN), fuzzy
logic system (FLS), adaptive network-based fuzzy inference system (ANFIS), and support vectormachine
(SVM; Cortes and Vapnik, 1995; Jang et al., 1997; Wang, 2003; Wang, 2005; Klir and Yuan, 2008). These
are no-parametric and statistical modeling tools that do not require any pre assumption between inputs
and output. Baghban et al. (2015b) proposed the multi-layer perceptron artificial neural network and
ANFIS for predicting carbon dioxide solubility in the presence of different ionic liquids.

Their measurements confirmed the capability of these intelligent models for this case. In addition,
another investigation was carried out by Baghban et al. to estimate the dew point temperature using
combination of the GA with the ANFIS and least square SVM (LSSVM) (Baghban et al., 2016).

In this study, the potential of the SVM has been examined to predict carbon dioxide loading capacity
in the presence of sodium glycinate solution at new ranges of conditions. To determine hyper variables
of the SVM, we used GA as a great evolutionary optimization algorithm.

2. Theory of SVM

Support vector regression (SVR) is a kind of the SVMconcerns with the regression problems. This super-
vised learning approach was the first introduced by Cortes and Vapnik (1995) and has been considered
as one of the most important attainments in statistical learning methods in recent decades. The basic
concept of the SVR is from the statistical learning theory, which allows the SVR to solve problems with
small accessible actual data. Moreover, the SVR has a great capability to explain nonlinear problems and
has remarkable applications in different fields (Shojai Kaveh et al., 2009; Gandhi and Joshi, 2010; Bansal
et al., 2012; Ramli et al., 2015). More details regarding this approach have been presented in previous
study (Shafiei et al., 2014; Ahmadi and Baghban, 2015; Baghban et al., 2015a; Baghban et al., 2015b;
Amedi et al., 2016; Baghban et al., 2016; Bahadori et al., 2016a; Bahadori et al., 2016b).

However, there are three key parameters in the SVM that should be determined optimally. These
hyper variables are the kernel function parameter (K), insensitivity coefficient loss function (ε), and the
penalty factor (C). Hence, in the present study, we used GA to optimize these parameters. GA is a great
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Figure . Configuration of GA SVMmodel.

type of evolutionary algorithms that is based onnatural selection for discovering the search space to reach
a global optimum (Beasley and Chu, 1996; Vose, 1999; Schmitt, 2001). Figure 1 shows the construction
of combination of the GA with the SVM.

3. Experimental data

This study used actual new data of carbon dioxide loading capacity in sodiumglycinate solution (Mondal
et al., 2015). The pressure range from 0.06 to 773.5 KPa and the temperatures are 313.15, 323.15, and
333.15 K. In addition, the weight percent of sodium glycinate are 5, 10, 15, 20, and 25. The total number

Table . Details of experimental data used in this study (Mondal et al., ).

x, wt% T, K P, KPa α N

 .–. .–. .–. 
 .–. .–. .–. 
 .–. .–. .–. 
 .–. .–. .–. 
 .–. .–. .–. 
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Table . Details of the trained SVMmodel.

Type Value/comment

No. of training data 
No. of testing data 
Kernel function RBF
Optimization algorithm GA
Pop size 
Iterations 
K .
C .
ε .

Figure . Actual versus predicted CO loading capacity at training and testing stages.
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Figure . Regression plots prediction of CO loading at training and testing stages.

of actual data used in this contribution was 123. Details of the actual reported data are presented in
Table 1. Among these data points, we used the data points of sodium glycinate 15 wt% as testing data set
and remained data points were considered as training samples. The training data set is applied to train
the SVM framework and the test data set is used to evaluate the model’s capability.

4. Results and discussion

There are three parameters including the penalty factor (C), insensitivity coefficient loss function (ε),
and the kernel function parameter (K) that should be identified in the SVMbefore training phase. In this
study, the radial basis function (RBF) was applied as kernel function in the SVM due to its great notable
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Figure . Experimental and predicted CO loading as function of pressure at ., ., and . K in sodium glycinate  wt%.

proficiencies. The parameters of the RBF considerably have been influenced by the number of support
vectors. Through increasing the number of support vectors, the training elapsed time also increases.
Moreover, we used the GA to determine optimal values of these three SVM parameters. According to
the GA, the mean square error (MSE) between the actual and output of the SVM is considered as cost
function. The values of MSEs are decreased until to reach maximum iterations. Details of the trained
SVM models have been presented in Table 2. After obtaining optimal hyper variables, the performance
of SVM was tested through using some well-known statistical analyses such as the MSEs, mean relative
errors (MREs), mean absolute error (MAE), standard deviations (STD), rootmean square error (RMSE),
and the R2 between the actual and estimated values. Figure 2 indicates simultaneous presentation of the
actual and estimated carbon dioxide loading capacity against number of data points at both training
and testing stages. Reasonable agreement was obtained between the actual and estimated data points. As
shown, the temperature has a noteworthy effect on the dew point of air at atmospheric pressure.

Moreover, the regression plots between the results obtained from the SVM and real data points for
both training and testing data sets were demonstrated in Figure 3. A close fit of the data points around
the 45° line for the SVM model confirmed its reasonability. The obtained values of R2 were 0.9999 and
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Figure . Statistical analyses conducted on the experimental and predicted CO loading by the SVM.

0.9999 for testing and training stages, respectively. In addition, the equations of linear regression for
training and testing stages respectively have been expressed as follows:

y = 1.013x − 0.0076,R2 = 0.9999 (3)
y = 1.0111x − 0.0079,R2 = 0.9999 (4)

Another graphical performance of the SVM has been demonstrated in Figure 4. In this figure, the
values of carbon dioxide loading capacity have been shown as function of pressures at three different
temperatures (313.15, 323.15, and 333.15 K) in sodium glycinate 15 wt%. Based on results obtained
from this figure, the differences between actual and predicted values are very low. The percentage of
MREs obtained 9.34 and 13.27 for training and testing data sets respectively. Moreover, the obtained
MSE, STD, and RMSE are illustrated in Figure 5 for both testing and training data sets.

5. Conclusion

The aim of this study is to develop a simple-to-apply predictive tool for estimating carbon dioxide solu-
bility in sodium glycinate. The present contribution focused on applying the support vector machine as
a great embranchment of machine learning methods for regression problem. The carbon dioxide load-
ing capacity was predicted as function of temperature, pressure, and concentration of sodium glycinate.
The ranges of temperature, pressure, and weight percent of sodium glycinate in data gathering were
303.15–333.15 K, 0.06–773.5 KPa, and 5–25 wt%, respectively. In addition, to determine hyper variables
of the SVM model, we used GA. Results showed the capability of this evolutionary algorithm to opti-
mize the SVM configuration. Moreover, the results obtained from the statistical analyses confirmed this
fact that the predictions were to be in excellent agreement with reported data. The efforts in this study
will definitely cover themanner for precise estimations of the carbon dioxide solubility in amino acid salt
solution, which can help scientists and engineers to have a simple predictive tool against thermodynamic
modeling approaches for controlling the operational conditions and phase behavior of the systems.
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