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Gas hydrates are reservoirs of CO2, CH4, and other gases, found in seabed subsurface 
sediments, in permafrost regions and in deep freshwater lakes. These gases can be 
transported using hydrate technologies. However, when gas is transported through oil 
and gas pipelines, the formation of gas hydrates inside the pipelines causes blockage 
of the pipelines, damages the pipelines, and sometimes causes loss of life. Several 
hydrate mitigation methods exist, and chemical inhibition has gained significant 
attention. Ammonium-based ionic liquids have received considerable attention as 
chemical inhibitors because of their eco-friendliness, low volatility, and reusability. 
However, these experimental methods are time-consuming and expensive. Hence, 
machine learning model building is the best and most suitable complement to 
experimental work for gas hydrate inhibition. A support vector machine (SVM) learning 
model was built with and without hyperparameter optimization for CO2/CH4 gas 
hydrate inhibition using ammonium-based ionic liquids (AILs). The data were collected 
from the literature and thermodynamic models. Outliers were removed from the data. 
The models were trained and tested using a 70:30 ratio. The model performance was 
analyzed using experimental versus predicted temperature, residual analysis, 
cumulative probability plot, and error analysis metrics and unseen data. It was 
concluded that SVM model hyperparameter optimization is a necessary for CO2/CH4 
hydrate inhibition using AILs. 
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1. Introduction 

 
Gas hydrates are crystalline compounds resembling ice, which form when water and gas 

molecules come together under high-pressure and low-temperature conditions. In these structures, 
gas molecules, referred to as guests, are trapped within cavities created by hydrogen-bonded water 
molecules known as hosts [1]. The occurrence of gas hydrates in the oil and gas sector poses a 
challenge to flow assurance because it can lead to the obstruction of pipelines and disruption of 
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operations [2]. Consequently, the industry is keen on developing cost-effective and eco-friendly 
strategies to prevent gas hydrate formation. Several approaches have been suggested to mitigate gas 
hydrate formation, including chemical inhibition, depressurization, thermal heating, and dehydration 
[3]. Among these, chemical inhibition is the most widely adopted method [4]. This method involves 
introducing chemicals to restrain gas flow outside the hydrate-formation zones. These chemicals, 
known as chemical inhibitors, either modify the phase behavior of gas hydrates or postpone their 
formation. There are two primary categories of chemical inhibitors, kinetic hydrate inhibitors (KHIs) 
and thermodynamic hydrate inhibitors (THIs). KHIs delay hydrate formation, whereas THIs adjust the 
hydrate equilibrium curve to lower temperatures and higher pressures [5]. 

Ionic liquids have attracted significant interest as innovative gas hydrate inhibitors because of 
their eco-friendly characteristics and state as molten salts at ambient temperature. Their distinctive 
features, including customizable cations and anions, very low vapor pressures, and straightforward 
synthesis from relatively low-cost materials, have contributed to their appeal. Additionally, they carry 
electrostatic charges and can form hydrogen bonds with water, making them promising candidates 
for effective and efficient THIs [6]. Research indicates that ILs can be reused after application, which 
supports their potential use in the oil and gas sectors [7]. Various experimental studies have been 
conducted on hydrate inhibition using ILs [8]. However, experimental studies are time-consuming, 
and there are chemical and gas purchasing issues; hence, machine learning modelling is a viable 
option. 

Machine learning modelling has gained considerable attention in gas hydrates and various 
dynamic fields of research. Artificial Neural Networks and least squares support vector machine 
(LSSVM) methods have been utilized to model the hydrate behavior of natural gas mixtures, with the 
aim of understanding hydrate formation characteristics [9,10]. The LSSVM approach was used to 
forecast the hydrate phase boundary conditions for CO2, CH4, H2, N2, and water-soluble organic 
promoters [11]. Furthermore, Yarveicy and Ghiasi [12] built an LSSVM and extremely randomized 
tree  (extra tree) models for predicting the hydrate formation/dissociation conditions of various 
mixtures of gases with pure water, salt, and alcohol solutions. The authors found that extra tree 
performs better than the LSSVM model. Xu et al. [13] implemented and compared five machine 
learning algorithms to predict the formation temperature of methane hydrate under saltwater 
conditions: Multiple Linear Regression, Gradient Boosting Regression, Random Forest, support vector 
machine (SVM), and k-nearest Neighbor. However, there is limited research available on SVM 
learning model hyperparameter optimization for CO2/CH4 hydrate inhibition using ammonium-based 
ionic liquids (AILs). Hence, the main objective of this study is to develop an SVM model with and 
without hyperparameter optimization, and to analyze its performance. 

 
2. Methodology 
2.1 Data Collection 

 
Data on the composition of the CO2/CH4 mixture, phase equilibrium temperature, pressure, and 

ionic liquid concentration were obtained from literature [14–17] and calculated using the Dickens 
and Quinby-Hunt model [18]. In total, 981 data points were collected. The ranges of the data are 
listed in Table 1. 
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                       Table 1 
                       The components of the dataset 

Components Range 
CO2 Composition (%) (0-100) 
CH4 Composition (%) (0-100) 
CO2 Molar Mass (g/mol) (0-44.01) 
CH4 Molar Mass (g/mol) (0-16.04) 
CO2/CH4 Molar Mass (g/mol) (16.04-44.01) 
CO2/CH4 Gas gravity (0.55-1.52) 
Temperature (K) (263-288.9) 
Pressure (MPa) (1.84-14.37) 
Tetramethylammonium hydroxide (wt%) (0-30) 
Tetramethylammonium chloride (wt%) (0-30) 
Tetraethylammonium hydroxide (wt%) (0-30) 
Tetrapropylammonium hydroxide  (wt%) (0-30) 
Tetrabutylammonium hydroxide  (wt%) (0-30) 

 
2.2 Outlier Analysis 

 
Outlier analysis is a critical process used to identify individual data points or groups of data that 

deviate significantly from the bulk of a population within a dataset [19]. In the context of sources, 
this analysis is necessary for developing robust predictive models because outliers, often caused by 
experimental errors, can introduce uncertainties and lower the overall accuracy of the results. The 
graphical tool, Williams plot, was used for outlier detection [20]. 

 
2.3 SVM Model 

 
An SVM is a supervised machine learning methodology based on the Vapnik-Chervonenkis theory 

and Structural Risk Minimization (SRM) principle [21,22]. Although originally designed for 
classification, it is widely applied to regression problems, often called Support Vector Regression 
(SVR), to predict the thermodynamic stability and inhibition conditions of natural gas hydrates [23]. 
The SVM model functions by mapping nonlinear input data into a high-dimensional feature space. 
Within this space, the disorganized data points become linearly separable, allowing the model to 
calculate a linear regression function that minimizes the training error [24]. To handle nonlinear 
relationships, SVM uses a kernel function to reorganize the original input space. Common kernels 
include linear, polynomial, sigmoid, and radial basis functions (RBF). The Radial Basis Function (RBF), 
is defined as [20]: 

 
In this function, represents kernel bandwidth. The terms , , and are support vectors that 

represent the independent input variables.  is the RBF kernel function. 

2.4 Hyperparameter Optimization 

In this modeling work, the hyperparameter optimization was conducted using the regularization 
factor ‘ ’, gamma ‘ ’, and epsilon ‘ ’. The regularization factor controls the trade-off between the 
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model complexity and the degree to which training errors are permitted. Gamma determines the 
reach or "influence" of individual training points on the resulting decision surface, and epsilon 
represents the acceptable tolerance or accuracy indicator within the system. 

2.5 Statistical Parameters 

The statistical parameters, Correlation Coefficient (R2), Root Mean Square Error (RMSE), and Mean 
Absolute Error (MAE) were used to evaluate the accuracy, robustness, and generalization ability of 
the mathematical models. R2 represents the degree of agreement between the values predicted by 
the model and the actual experimental data. An R2 value close to 1.0 signifies strong prediction 
accuracy. The MAE and RMSE were used to measure the average magnitude of the error between 
the predicted and experimental values. MAE and RMSE values close to zero indicate a strong 
prediction accuracy [13,25]. 

 

 

 
Where  is Predicted Temperature,  is the experimental temperature, the average 

experimental temperature. N is the number of data points. 

2.6 SVM Model Building 

The SVM model for CO2/CH4 hydrate inhibition using AILs was built with and without 
hyperparameter optimization. The hyperparameters selected for the model are =1000, =0.01 and

=0.05. The 981 data points were split into a training dataset and a testing dataset at a 70:30 ratio. 
An outlier analysis of the dataset was conducted. The with and without optimization model was 
trained and tested using data. The performance of the model was evaluated using an experimental 
versus predicted plot, residual plot, cumulative probability plot, and error analysis metrics. In addition, 
the performance of the model was analyzed using unseen data. The unseen data was calculated using 
the Dickens and Quinby-Hunt model. 

 
3. Results and Discussion 
3.1 Outlier detection 

 
An outlier analysis was conducted using William’s plot of the dataset containing 981 data points, 

as shown in the Figure 1. Only one outlier was detected in the analysis. This clearly indicates that the 
dataset was highly reliable for model training and testing. 
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Fig. 1. Outlier detection of the dataset 

 
3.2 Experimental versus Predicted Temperature 
 

The experimental versus predicted temperatures for CO2/CH4 hydrate inhibition using ILs are 
shown in Figure 2(a) and Figure 2(b) with and without optimization. It was found that without 
optimization, the experimental versus predicted temperature followed the diagonal line; however, 
many data points of the training and testing datasets did not follow the diagonal line. A few of the 
data points cross the 2% error, indicating that the model requires improvement. Then, through the 
SVM model with hyperparameter optimization, it was determined that all data points followed the 
diagonal line, showing the best fit of the optimized model performance.  

 
Fig. 2. Experimental versus predicted temperature of SVM model with and without optimization 

 
3.3 Residual analysis 
 

The residual analysis of CO2/CH4 hydrate inhibition using AILs with and without optimization is 
shown in Figure 3(a) and Figure 3(b) with and without optimization. It was found that without 
optimization, the residual range was -3 K to +6 K. Furthermore, a large number of training and testing 
data points crossed the 2 K residual, which shows that the model needs improvement. Optimization 
was applied, and it was found that all the training and testing data points inside the 2 K residual 
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showed the most accurate model performance. Only one data point outside the 2 K residual can be 
ignored.  

 
Fig. 3. Residual analysis of SVM model with and without optimization 

 
3.4 Cumulative probability analysis 
 

The cumulative probability versus absolute error (K) analysis for CO2/CH4 hydrate inhibition using 
ILs is shown in Figure 4(a) and Figure 4(b). It was found that without optimization, only 0.4 cumulative 
probability followed a 1 K absolute error, and the rest of the data went out until a 6 K absolute error. 
This shows that the performance of the model was poor.  Furthermore, optimization was conducted 
on the model, and the results showed that most of the data had 0.9 cumulative probability of a 1 K 
absolute error. A few data points lie within a 2 K absolute error. Only two data points were outside 
this range. Evidently, the model performed well.  

 
Fig. 4. Cumulative probability versus absolute temperature analysis of SVM model with and without 

optimization 
 

3.5 Error Analysis 

The R2, MAE, and RMSE error analyses were performed as shown in Table 2. for CO2/CH4 hydrate 
inhibition using ILs. The R2 analysis with optimization showed strong model performance with R2 > 
0.97, whereas without optimization, the results were lower, approaching 0.79. The MAE analysis for 
optimization approaches 0.1 and 0.3 showed strong model performance, whereas without 
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optimization MAE is greater than 1, indicates poor performance of the model. RMSE analysis with 
optimization shows strong performance for the training dataset, whereas slightly poor performance 
for the testing dataset can still be considered good. However, without optimization, the performance 
was poor.  

 
                           Table 2  

                     Error Analysis of SVM model with and without optimization 
 Without Optimization With Optimization 
 Training Testing Training Testing 
R2 0.7979 0.7952 0.9975 0.9710 
MAE 1.4475 1.5889 0.1020 0.3411 
RMSE 1.8387 1.9779 0.2062 0.7446 

 
3.6 Model Performance for New Data 

The developed SVM-optimized model for CO2/CH4 binary mixture hydrate inhibition using AILs 
was used to predict the new inhibition temperature of various CO2/CH4 mixtures and pure CH4, as 
shown in Fig. 5.  
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The CO2:70%+CH4:30% mixture with 6 wt% of the selected inhibitors, TBAOH, TEAOH, TMACl, and 

TPrAOH, was used for the performance analysis, as illustrated in Fig. 5(a). The model performed well, 
with R2 ˃  0.95 for all samples. Similarly, the model was applied to the CO2:30%+CH4:70% mixture with 
12 wt% of the selected inhibitors, as described in Fig. 5(b), and it was found that the model yielded 
the best results with R2 ˃ 0.93. Furthermore, the same model was applied to pure CH4 with 24 wt% 
of inhibitors, as in Fig. 5(d) and an equivalent mixture of CO2/CH4 with 21 wt% of inhibitors, as in Fig. 
5(c) and it was observed that the model performance was accurate, with R2 ˃ 0.93. Hence, it can be 
concluded from all mixtures that the optimized SVM model performed best. 

4. Conclusion 

This study addresses the Support Vector Machine (SVM) modelling of CO2/CH4 hydrate inhibition 
using ammonium-based ionic liquids (AILs), which is a cost- and time-efficient alternative to 
experimental studies. A dataset of 981 data points was compiled, and the outliers were removed 
using a Williams plot. The dataset was split into training and testing datasets. The model was 
developed with and without hyperparameter optimization. Model performance was analyzed using 
experimental versus predicted temperature, residual analysis, cumulative probability versus absolute 

Fig. 5. The optimized SVM model performance on new data 
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error, and error analysis metrics. Without optimization, a remarkable scatter from the diagonal line, 
residuals spanning from -3 to +6 K, a weak cumulative probability of 0.4 at 1 K absolute error, and 
lower error metrics indicated inadequate model performance. With optimization, the dataset fit the 
diagonal line, the residuals were limited to ±2 K, a strong cumulative probability is 0.9 at 1 K absolute 
error, and the lower error metrics show strong model performance. In addition, the optimized SVM 
model was applied to new data, and it was observed that the model performed best with R2 ˃ 0.93. 

Hence, hyperparameter optimization is essential for SVM modelling of CO2/CH4 hydrate inhibition 
using AILs. In the future, the same model can be enhanced to predict the hydrate inhibition 
temperature for various ILs. Furthermore, the enhanced model can be used for industrial processes 
to inhibit hydrates using commercial inhibitors. 
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