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Abstract: Interfacial tension is the force that acts at the boundary between two immiscible phases. This 

force keeps the two fluids separated, preventing them from mixing together. Hydrocarbon-water interfacial 

tension is one of the most critical parameters in petroleum engineering calculations, like enhanced oil 

recovery, phase behavior in reservoirs, separation processes, and so on. Hydrocarbon-water interfacial 

tension is often measured in laboratories, but it is costly and time-demanding. Consequently, mathematical 

methods are developed for estimating hydrocarbon-water interfacial tension, which summary in two main 

groups are empirical correlations and machine learning algorithms. In this paper, the authors carry out a 

comparative study of mathematical methods for estimating hydrocarbon-water interfacial tension. 

Empirical correlations are implemented based on the study by Danesh (1998), Sutton (2006), Sutton (2009) 

and Meybodi et al. (2016). Machine learning algorithms used include Multi-Layer Perceptron (MLP) and 

Extra Trees (ET). Research data gathered from open literature incorporates features: critical temperature 

(TC), reservoir temperature (TR), density difference (Δρ), reservoir pressure (P), and interfacial tension 

(IFT).  The estimation outcomes are contrasted using Mean Absolute Error (MAE), Root Mean Square 

Error (RMSE), and Coefficient of Determination (R2) to find the optimal model. The results show that the 

Extra Trees (ET) algorithm is the most accurate model with the lowest MAE and RMSE (0.6391 and 0.9565) 

and the highest R2 (0.9871) in the group of empirical correlations and machine learning algorithms. 

Moreover, the solution indicates two machine learning models having better performance than four 

empirical correlations due to lower MAE and RMSE and the higher R2. 

Keywords: interfacial tension; critical temperature; reservoir temperature; reservoir pressure; machine 

learning. 

 

1. Introduction 

Interfacial tension (IFT) is the force that acts at the boundary between two immiscible phases [1]. 

This force keeps the two fluids separated, preventing them from mixing together [2]. Hydrocarbon-water 

interfacial tension is one of the most critical parameters in petroleum engineering calculations, like 

enhanced oil recovery, phase behavior in reservoirs, separation processes, and so on [3], [4]. 

The most common way to determine the hydrocarbon-water IFT is through laboratory experiments. 

There are four main group for measurement of interfacial tension are: direct measurement using a 

microbalance, measurement of capillary pressure, analysis of the balance between capillary and gravity 

forces, analysis of gravity-distorted drops [5]. However, laboratory experiments are costly and time-

demanding [6]. Consequently, mathematical methods are developed for estimating hydrocarbon-water 

interfacial tension, which summary in two main groups are empirical correlations and machine learning 

algorithms. The first common empirical correlation for interfacial tension between hydrocarbon and water 

developed by Danesh (1998) [7]. Later in 2006, Sutton improved the Danesh correlation [8], and in 2009, 

Sutton modified the 2006 version for two cases: hydrocarbons liquid-water and gas-water [9]. Meybodi et 

al. (2016) developed a new unique correlation to estimate IFT for both liquid and gaseous hydrocarbons 

[6]. 

Despite there being some benefits to estimating IFT, empirical correlation methods have 

limitations. They frequently not high accuracy and only valid for calculation within the data range of the 

built correlation model. With the remarkable development of data science in the era of artificial intelligence, 

there have been many studies applying machine learning algorithms for advancing the estimation of IFT. 

The machine learning algorithms used are Artificial Neural Network (ANN) [10], Least Square Support 

Vector Machine (LSSVM) [4], [11], group of methods involve Support Vector Regression (SVR), Decision 

Tree (DT), Random Forests (RF), Gradient Boosting (GB), Catboosting (CB), and XGBoosting (XGB) 
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[12], or hybrid methods comprise Radial Basis Function networks optimized by Genetic Algorithm (GA-

RBF), Least Square Support Vector Machine optimized by Coupled Simulated Annealing (CSA-LSSVM), 

and Adaptive Neuro-Fuzzy Inference System optimized by combination of Particle Swarm Optimization 

(PSO) and hybrid methods (CHPSO-ANFIS) [13]. 

In this work, the authors execute a comparative study of mathematical methods for estimating 

hydrocarbon-water interfacial tension based on both empirical correlations and machine learning 

algorithms. Empirical correlations are used consist of Danesh, Sutton (2006), Sutton (2009), Meybodi et 

al., while machine learning algorithms involve Multilayer Perceptron (MLP) and Extra Trees (ET). 

Research data collected from open literature includes parameters: critical temperature (TC), reservoir 

temperature (TR), density difference (Δρ), reservoir pressure (P), and interfacial tension (IFT).  The 

estimation results are compared using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and 

Coefficient of Determination (R2) to find the optimal model.  

2. Methodology 

2.1 Empirical correlations 

2.1.1 Danesh (1998) 

Danesh (1998) [7] developed the first empirical correlation for interfacial tension between 

hydrocarbon and water as below: 

𝐼𝐹𝑇 = 111(𝜌𝑤 − 𝜌ℎ)1.024 (
𝑇𝑅

𝑇𝐶
)

−1.25

(1) 

where IFT is interfacial tension (mN/m), ρw
 is water density (g/cm3), ρh

 is hydrocarbon density (g/cm3), TR 

is reservoir temperature (K), TC
 is critical temperature (K) 

Define density difference ∆𝜌 =  𝜌𝑤 − 𝜌ℎ, and Tr = TR/TC, Eq. (1) becomes 

𝐼𝐹𝑇 = 111(∆𝜌)1.024(𝑇𝑟)−1.25 (2) 

2.1.2 Sutton (2006) 

Sutton (2006) [8] modified Danesh empirical correlation as follows: 

𝐼𝐹𝑇 = (
1.58(∆𝜌) + 1.76

(𝑇𝑟)0.3125 )

4

(3) 

2.1.3 Sutton (2009) 

Sutton (2009) [9] advanced Eq. (3) by proposing new empirical correlations for hydrocarbon-

water interfacial tension divided into two cases.   

For case liquid-water, the IFT empirical correlation is: 

𝐼𝐹𝑇 = (
1.53988(∆𝜌) + 2.08339

(𝑇𝑟)0.821976−0.00183785𝑇𝑅+0.00000134016𝑇𝑅
2)

3.667

(4) 

For case gas-water, which ∆𝜌 > 0.56, the empirical correlation is: 

𝐼𝐹𝑇 = (
1.53988(∆𝜌) + 2.08339

(𝑇𝐶 302.881⁄ )0.821976−0.00183785𝑇𝑅+0.00000134016𝑇𝑅
2)

3.667

(5) 

2.1.4 Meybodi et al. (2016) 

Meybodi et al. (2016) [6] developed a IFT empirical correlation for both liquid and gaseous 

hydrocarbons with formulation:  

𝐼𝐹𝑇 = (
𝑎1 + 𝑎2(∆𝜌) + 𝑎3(∆𝜌)2 + 𝑎4(∆𝜌)3

𝑎5 + 𝑎6
(𝑇𝑅)𝑎7

𝑇𝐶
+ 𝑎8(𝑇𝑅)𝑎9

)

𝑎10

(6) 

where 𝑎1 =  −1.3687340042 ×  10−1, 𝑎2 = −3.0391828884 ×  10−1, 𝑎3 =  5.6225871072 ×
 10−1, 𝑎4 =  −3.3074367079 ×  10−1, 𝑎5 =  −3.0050179309 × 100, 𝑎6 =  5.8914210205 ×
 10−5, 𝑎7 =  −4.1388901263 ×  100, 𝑎8 =  3.0084299030 × 100, 𝑎9 =  −3.8203072876 ×
 10−3, 𝑎10 = 3.5000000000 × 100  

2.2 Machine learning algorithms 

2.2.1 MLP 

https://doi.org/10.29227/IM-2025-01-02-050


https://doi.org/10.29227/IM-2025-01-02-050 Received: 30 Oct 2024, Accepted: 01 May 2025, Published: 01 Sep 2025 

626          Journal of the Polish Mineral Engineering Society, No 1(55) 2025, January - June, Volume 2 

Multilayer Perceptron (MLP) is one of the foundational architectures in artificial neural networks 

(ANN) [14]. The MLP basic structure involve 3 layers: input layer, hidden layers, and an output layer. The 

basic unit of a MLP is the neuron, or perceptron, and neurons are connected by weights [15]. In association 

with weights, biases contribute flexibility to neural networks [16]. MLP works by updating weights and 

biases using two continuous processes: forward propagation and back propagation [17].  

In forward propagation, for a given neuron, output y is a activation of transfer function. Transfer 

function is the weighted sum of weight multiplier for input value plus a bias. The mathematical form of the 

output y is as follows 

𝑦 = 𝑓 (∑ 𝑤𝑖𝑥𝑖 + 𝑏

𝑛

𝑖=1

) (7) 

where wi denotes weights, xi is input values, b indicates bias, and f symbolises transfer function.  

In a neural network, activation functions are the way to transmission the information. Some popular 

activation functions are show in Table 1 [18]. 

Tab. 1. Popular activation functions 

Activation function Formula Graph 

(Draw by Python code) 

Binary step function 
𝑓(𝑥) = {

1,  if 𝑥 ≥ 0
0,  if 𝑥 < 0

 

 

Linear activation function 𝑓(𝑥) = 𝑥 

 

Sigmoid (logistic) function 
𝑓(𝑥) =

1

1 + 𝑒−𝑥
 

 

Hyperbolic tangent (tanh) function 
𝑓(𝑥) =

𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
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Activation function Formula Graph 

(Draw by Python code) 

Rectified Linear Unit (ReLU) 𝑓(𝑥) = max(0, 𝑥) 

 

In back propagation, the ultimate goal is to minimize a loss function between the output of the 

forward propagation process and the actual output [19]. A common loss function for the regression problem 

is Mean Squared Error (MSE), and the classification problem is Cross-Entropy [20]. 

Here is the formulation of loss function for regression problem: 

𝐿𝑅 =
1

𝑛
∑(𝑦𝑖 − 𝑦̇𝑖)2

𝑛

𝑖=1

(8) 

where LR is loss function for regression problem, n refers to the number of data points, yi is actual value, 𝑦̇𝑖 

is predicted value. 

The formulation of loss function for classification problem as follows: 

𝐿𝐶 = − ∑ 𝑦𝑖𝑙𝑜𝑔(𝑦̇𝑖)

𝑖

(9) 

where LC is loss function for classification problem, yi is the true label (one-hot encoded), that is, yi equals 

1 for the correct label and 0 for all other labels, 𝑦̇𝑖 is the predicted probability for the ith label. 

The loss function is minimized by calculating the gradient of the loss function for each weight in 

the neural network. After calculating the gradient, the network parameters (weights and biases) are adjusted 

using an optimization approach like Gradient Descent [21]. Gradient Descent updates the weights and 

biases by formulations: 

𝑤𝑛 = 𝑤𝑐 − 𝜂
𝜕𝐿

𝜕𝑤𝑐

(10) 

𝑏𝑛 = 𝑏𝑐 − 𝜂
𝜕𝐿

𝜕𝑏𝑐

(11) 

where wn, bn are the weight and bias associated with the new layer, wc, bc are the weight associated with the 

current layer, η is the learning rate, which determines the step size for updates, and L is loss function. 

2.2.2 ET 

Extremely Randomized Trees, also known as Extra Trees, are a type of ensemble learning 

technique. In order to improve predictive performance, ensemble learning combines predictions from 

several models to create a meta-learning model. The essence of the ET algorithm is to generate a large 

number of decision trees from the training dataset [22]. 

A decision tree's objective is to iteratively divide the data into subsets while trying to minimize 

some impurity measure, such as the Mean Squared Error (MSE) for regression and the Gini index or 

Entropy for classification [23]. 

Mean Squared Error (MSE) is a regression metric to measure the quality of a prediction model. 

MSE calculates the average squared difference between the measured target values and the predicted target 

values as follows: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 −

1

𝑛
∑ 𝑦𝑗

𝑗∈𝑆

)

2

𝑖∈𝑆

(12) 
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where S is the subset of dataset at a particular node in the tree, n is the number of samples in the subset S, 

yi
  is the measured target values of the ith sample in S, j is an index that refers to one of all data points in the 

subset 𝑆.  

The Gini Index (GI), also known as Gini Impurity is a classification metric used in decision tree 

algorithms to measure the impurity of a dataset. For a dataset with T classes, the Gini Index for a subset 𝑆 

is 

𝐺𝐼 = 1 − ∑ 𝑝𝑘
2

𝑇

𝑘=1

(13) 

where T is the number of classes, pk is the frequency of class 𝑘 in the subset 𝑆. 

Entropy (E) is a measure of the uncertainty in a dataset. For a dataset with T classes, the entropy 

for a subset 𝑆 is 

𝐸 = − ∑ 𝑝𝑘𝑙𝑜𝑔2(𝑝𝑘)

𝑇

𝑘=1

(14) 

where pk is the probability of class 𝑘 in the subset 𝑆, log2(pk) denotes the uncertainty associated with class 

k.  

In Extra Trees, there are two primary ways that randomness are random feature selection, and 

random threshold selection. For random feature selection, a random subset of features is chosen at each 

split. The algorithm advances diversity among the trees, as different trees use different sets of features for 

splits by using a smaller subset of features. For random threshold selection, instead of finding the best split 

point, it randomly choosing the split threshold value for each feature [24]. 

The final step in the Extra Trees algorithm is ensemble aggregation. For classification, each tree 

outputs a predicted class label, and the final prediction is obtained through majority voting. For regression, 

each tree outputs a continuous value, and the final prediction is the average of the predictions [25]. 

2.3 Regression metrics 

In order to find the best model in this work, the regression metrics include Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), and Coefficient of Determination (R2) [26]. Below is their 

detailed formulation. 

2.3.1 Mean Absolute Error (MAE) 

Mean Absolute Error (MAE) measures the average absolute difference between predicted and 

measured values. 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̇𝑖|

𝑛

𝑖=1

(15) 

where n represents the total number of data points, yi is measured (or actual) value, and 𝑦̇𝑖 is predicted 

value. 

2.3.2 Root Mean Square Error (RMSE) 

Mean Squared Error (MSE) calculate the average squared difference between predicted and 

measured values. 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖 − 𝑦̇𝑖)2

𝑛

𝑖=1

(16) 

Root Mean Squared Error (RMSE) is square root of MSE 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 (17) 

2.3.3 Coefficient of Determination (R2) 

The Coefficient of Determination, denoted as R2, is a measure the percentage of variance in the 

dependent variable that can be explained by the independent variables in a regression model. 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̇𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

(18) 

where 𝑦̅ is the mean of the measured values yi. 
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3. Results and Discussions 

3.1 Data 

In this study, the research data is collected from literature published by Meybodi et al. [6]. The 

original data has 1105 data points, after processing the non-numerical data, we have 1075 data points. Table 

1 shown the descriptive statistics of the processing dataset. 

 

Tab. 2. The processing dataset descriptive statistics 

Metrics TC TR Δρ P IFT  

Count 1075 1075 1075 1075 1075 

Mean 505.7926 326.3789 0.3645 25.0403 47.1212 

Min 190.5639 252.4444 0.0939 47.4156 20.8400 

Max 722.0000 550.0000 0.9968 300.0000 75.5000 

Fig. 1 shows the correlation plot (heatmap) between the features in the processing dataset. The 

correlation between the features is calculated using the Pearson correlation coefficient. The Pearson 

correlation coefficient, often denoted as 𝑅, is a measure of the linear relationship between two variables, 

which range from -1 to 1. 

𝑅 =
∑ (𝑦𝑖 − 𝑦̇𝑖)𝑛

𝑖=1 (𝑦𝑖 − 𝑦𝑖̅̇)

√∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1 √∑ (𝑦̇𝑖 − 𝑦̅̇)2𝑛

𝑖=1

(19)
 

where n represents the total number of data points, yi is measured value, and 𝑦̇𝑖 is predicted value, 𝑦̅ is the 

mean of the measured values yi, 𝑦̅̇ is the mean of the predicted values 𝑦̇𝑖. 

 

Fig. 1. The processing dataset heatmap correlation plot 

Fig. 1 with the coefficients specifies that the input features all have an effect on the target feature 

IFT. In addition, the number of features is small (5 features, including target variable IFT). Therefore, to 

avoid missing information, all the features will be used to train the models. 
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The processing data is divided into two training and testing data sets with the ratio of 80:20 for 

building all two machine learning models: MLP and ET. 

3.2 Results 

3.2.1 Empirical correlations 

a) Danesh (1998) 

Using Eq. (2), we have the IFT correlation plot for the Danesh model, shown in Fig. 2. 

 

Fig. 2. IFT correlation plot for the Danesh model 

b) Sutton (2006) 

Using Eq. (3), we have the IFT correlation plot for the Sutton (2006) model, shown in Fig. 3. 

 

 

Fig. 3. IFT correlation plot for the Sutton (2006) model 

c) Sutton (2009) 
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Using Eqs. (4) and (5), we have the IFT correlation plot for the Sutton (2009) model, shown in 

Fig. 4. 

 

Fig. 4. IFT correlation plot for the Sutton (2009) model 

d) Meybodi et al. (2016) 

Using Eq. (6), we have the IFT correlation plot for the Meybodi et al. model, shown in Fig. 5. 

 

Fig. 5. IFT correlation plot for the Meybodi et al. model 

3.2.2 Machine learning algorithms 

a) MLP 
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Figure 6. The comparison of measured and predicted values for MLP model 

Based on MLPRegressor function in the scikit-learn library [27], the measured and predicted values 

plot for MLP model, as shown in Fig. 6. The neural network architecture includes 5 hidden layers; 1 layer 

has 100 neurons, and the transfer function used is the ReLU. Figure 7 show the IFT correlation plot for 

MLP model. 

 

Fig. 7. The IFT correlation plot for MLP model 

b) ET 
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Fig. 8. The comparison of measured and predicted values for ET model 

Based on ExtraTreesRegressor function in the scikit-learn library [28], the the measured and 

predicted values plot for ET model, as shown in Fig. 5. The number of decision trees in the forest is 100. 

Figure 9 show IFT correlation plot for ET model. 

 

Fig. 9. The IFT correlation plot for ET model 

3.3 Discussions 

The comparison of all methods for estimating hydrocarbon-water interfacial tension is shown in 

Table 3. 

Tab. 3. The comparison of IFT estimating methods 

Model MAE RMSE R2 

Danesh 14.3188 17.5264 0.5028 

Sutton (2006) 5.2701 8.8777 0.5977 

Sutton (2009) 20.3189 23.4720 0.6729 

Meybodi et al. 2.6879 3.5127 0.8659 

MLP 1.0157 1.4932 0.9687 
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ET 0.6391 0.9565 0.9871 

The outcomes of Table 3 are visualized in Fig. 10. Table 3 and Fig. 10 show that in this study, the 

ET model has the most accurate prediction results, with the lowest MAE and RMSE and the highest R2. In 

addition, the results also indicate the clear robust of the two machine learning models (MLP and ET) over 

the empirical correlation models with the lower MAE and RMSE and the higher R2. 

 

Fig. 10. The comparison of IFT estimating models 

In the group of empirical correlation models, one point to note is that Sutton (2009) correlation not 

only have R2 value but also MAE and RMSE values higher than Danesh and Sutton (2006) correlations. It 

demonstrates that the Sutton (2009) model might better capture non-linear relationships in the data, which 

would result in a better explanation of variance but also lead to larger errors in comparison with the Danesh 

and Sutton (2006) models. Furthermore, Meybodi et al. correlation is best model in this group based on 

lowest MAE and RMSE and the highest R2. 

Tab. 4. The comparison of IFT machine learning models 

Model Dataset MAE RMSE R2 

MLP 

Train 0.9795 1.4563 0.9705 

Test 1.0706 1.5588 0.9644 

All 1.0157 1.4932 0.9687 

ET 

Train 0.0407 0.1825 0.9995 

Test 0.7772 1.2428 0.9774 

All 0.6391 0.9565 0.9871 

By the group of machine learning models, Table 4 shows the regression metrics for both train, test, 

and all datasets. The results of Table 4 demonstrate the similar trend when the MAE and RMSE values of 

all MLP and ET models increase throughout the whole of the test, all, and train datasets, respectively, while 

the R2 value decreases. This shows that the machine learning models do not have overfitting phenomena 

and have high confidence in using hydrocarbon-water IFT prediction. 
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4. Conclusions 

This paper make a comparative study of methods for hydrocarbon-water interfacial tension based 

on empirical correlations and machine learning algorithms. The research data is collected from open 

literature. The key findings about this work are: 

- The original data has 1105 points, including 5 features. After processing the non-numerical data, 

we have 1075 data points. The processing dataset heatmap correlation plot shows that all 4 input features 

(TC, TR, Δρ, P) are related to the target feature (IFT). Therefore, all these features are used to train the 

machine learning models.  

- The IFT estimation models were compared using regression metrics, which showed that ET 

algorithm is the best model in this study with the highest R2 value (0.9871) and the lowest MAE and RMSE 

(0.6391 and 0.9565, respectively). 

- The results also point to machine learning models having better estimation than empirical 

correlations model. This note is drawn because MLP and ET have higher R2 and lower MAE and RMSE 

than four empirical correlations. 

- In the group of empirical correlations, attention should be paid to the overfitting phenomenon of 

the Sutton (2009) model. It has both R2, MAE, and RMSE values higher than Danesh and Sutton (2006) 

correlations. 

- In the group of machine learning models, increasing trend of MAE and RMSE values as well as 

decreasing trend of R2 value for test, all, and train datasets sequentially denote MLP and ET models not be 

ruled by overfitting phenomena. Therefore, both models in general, but especially the ET model, are highly 

reliable for estimating hydrocarbon-water IFT.           

The findings of this study, according to the authors, can be used with different datasets, and the 

study ought to be developed for other machine learning algorithms, such as deep learning or ensemble 

learning, to advance the estimation of hydrocarbon-water IFT. 
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