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Performance Evaluation of Machine Learning Algorithms in 

Predicting Dew Point Pressure of Gas Condensate Reservoirs 

Abstract 

Accurate knowledge of the dew point pressure for a gas condensate reservoir is necessary for optimizing 

mitigation operations during field development plan. This study explores the use of machine learning 

models in predicting the dew point pressure of gas condensate reservoirs. 535 experimental dew point 

pressure data-points with maximum temperature and pressure of 304oF and 10500psi were used for this 

analysis. First, a standard multiple linear regression (MLR) was used as a benchmark for comparing the 

performance of the machine learning models. Multilayer perceptron Neural Networks (MLP) [optimized 

for the number of neurons and hidden layers], Support Vector Machine (SVM) [using radial basis function 

kernel] and Decision Tree [Gradient boost Method (GBM) and XG Boost (XGB)] algorithms were used to 

predict the dew point pressure. The performance of these algorithms was then compared with results 

obtained from published machine learning models.  The input parameters for the model include; gas 

composition, specific gravity, the molecular weight of the heavier component and compressibility factor. 

The performances of these algorithms were analysed using root mean square error (RMSE), absolute 

average relative deviation percentage (AARD %) and coefficient of determination (R2).   

Keywords: Dew Point Pressure Prediction, Machine Learning Algorithms, Gas Condensate Reservoir. 

Article Highlights 

• Fed with the same training dataset, dewpoint pressure predictions from MLP, SVM, GBM and 

XGB algorithms exhibited significant disparity 

• The choice of algorithm for dewpoint pressure prediction depends on the number of data points 

and the reliability of each data points for training the model. 

• SVM algorithms were most prone to bias in training data while MLP algorithms were more 

sensitive to their architecture and number of training data 
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1. Introduction 

Gas condensate reservoirs have a temperature range greater than the critical temperature and less 

than the cricondentherm (maximum temperature for which two phases can exist). They are characterized 

by producing both gas and condensate liquid at the surface (Louli et al., 2012; Skylogianni et al., 2015).  

At initial pressure, they exist in a gaseous phase. However, as the pressure declines below the dew-point 

pressure, condensates are formed (Thomas et al., 2009). The dew point pressure (DPP) is a principal 

parameter to be evaluated by reservoir engineers during a gas condensate field development. Below the 

dew point pressure, liquid condenses out of the gaseous phase. This liquid condensate forms a “ring” or 

“bank” across the production well as shown in Figure 1. This phenomenon is normally referred to as 

condensate banking (Hassan et al., 2019). Normally the condensate bank will not flow until its saturation 

increases beyond the critical saturation (Scc) because of capillary pressure and relative permeability in the 

porous medium. Hence it is very essential to accurately predict the dew point pressure of the reservoir fluid. 

Condensate banking has the potential to decrease the well productivity significantly especially for low 

permeability reservoirs. 

 
Figure 1: Schematics of Condensate blockage 

From literature, there are 3 primary methods of predicting gas condensate dew point pressure: (i) 

Laboratory measurement (ii) Equations of State (EOS) and (iii) Empirical Correlations (Louli et al., 2012; 

Nemeth & Kennedy, 1967; Skylogianni et al., 2015). Examples of laboratory test for dewpoint pressure are 

constant composition expansion (CCE) and constant volume depletion (CVD) tests. CCE test is on gas 

samples retrieved at the initial stage of a reservoir when its pressure is still above the dew point pressure 

(Al-Shawaf et al., 2014). CCE experiments require several sequential pressure decreases in little stages. 

CVD tests are preferentially done on volatile oils and light hydrocarbons because there is considerable 



change in the hydrocarbon composition when pressure decreases during the test (Rabiei et al., 2015a). 

Although both tests generate accurate results, the cost and time required to run the test becomes an 

important limitation. In additional to this, several possible sources of error can be introduced during 

Laboratory measurements; from gas sample collection to measurement errors during the test (Arabloo et 

al., 2014; Hosein & Dawe, 2012). Peng-Robinson and Soave-Redlich-Kwong equation of state (EOS) 

models have been used to predict PVT properties of hydrocarbons. These EOS models have to be tuned 

with experimental data for heptane-plus fraction before they can be used to characterize hydrocarbon phase 

behaviour(González et al., 2003; Rabiei et al., 2015a). The performance of EOS models is generally 

satisfactory for simple hydrocarbon fluids. However, it gets complicated when applied to volatile oil and 

gas condensate reservoirs. In addition, the accuracy of EOS models is dependent on several factors: binary 

interaction coefficient (BIC), volume shift parameter (S), critical pressure (Pc), critical temperature (Tc) 

and acentric factor (ω) for the last carbon group (Louli et al., 2012; Nasrifar et al., 2005). These parameters 

need to be estimated for each component in the gas condensate mixture and becomes increasingly 

complicated when characterizing the plus fractions of condensate mixtures (Aghamiri et al., 2018; 

Elsharkawy, 2002; Jhaveri & Youngren, 1988; Rabiei et al., 2015a). Empirical correlations are also used 

to predict dewpoint pressure and it offers a simple, fast estimate of dewpoint pressure for used in planning 

purposes. Several empirical correlations estimating the dewpoint pressure as a function of reservoir fluid 

properties such as temperature, gas compressibility, specific gravity and gas composition have been 

proposed by researchers(Almehaideb et al., 2003; Elsharkawy, 2002; Nemeth & Kennedy, 1967). Empirical 

correlations, although easy to use, do not adequately capture the non-linear relationship between the 

dewpoint pressure and dynamic reservoir properties (Zhong et al., 2018). This limits the accuracy of 

empirical correlations especially when estimating dewpoint pressure at elevated temperature conditions. 

Many researchers have explored the potential of applying artificially intelligent tools and other robust 

techniques such as; artificial neural networks (ANNs) (Ahmadi et al., 2014; González et al., 2003; H. 

Kaydani et al., 2013; Majidi et al., 2014), support vector machine (SVM) (Ahmadi & Ebadi, 2014; Zhong 

et al., 2018), genetic algorithm (GA) (Najafi-Marghmaleki et al., 2016; Rabiei et al., 2015b), multi-gene 

genetic programming approach (Hossein Kaydani et al., 2016) and swarm particle optimization (SPO) 

(Zhong et al., 2018) to predict dewpoint pressure of gas condensate reservoirs.  

Gonzales and Startzman (González et al., 2003) used a set of about 641 experimental data points 

comprising of gas composition, molecular weight, specific gravity of the heavier fraction and reservoir 

temperature, to train their neural network model. Results from their study reveal that the neural network 

model was more accurate than EOS model (Peng-Robinson) and other empirical correlations 



(Nemeth(Nemeth & Kennedy, 1967) and Elsharkawy(Elsharkawy, 2002)). Nowroozi et al. (Nowroozi et 

al., 2009) in a bid to optimize the architecture of the neural network combined fuzzy logic with neural 

network models in a system called Adaptive Neuro-Fuzzy Inference System. The resulting hybrid system 

was shown to be faster than conventional neural network models.  Arabloo et al., (Majidi et al., 2014) 

applied least square support vector machine (LSSVM) to predict dew point pressure. In their work, coupled 

simulated annealing (CSA) was used to optimize some parameters of the model. Ahmadi et al. (Ahmadi & 

Ebadi, 2014) applied a fusion of particle swarm optimization and ANNs to predict the dewpoint pressure. 

They indicated that their model showed superior performance when compared to other hybrid models. 

Rabiei et al. (Rabiei et al., 2015b) combined multilayer perceptron (MLP) and genetic algorithm (GA)  to 

predict dewpoint pressure using 308 data point, while Zhong et al. (Zhong et al., 2018) executed a mixed-

kernels-function support vector machine based model to predict dewpoint pressure.  

The key benefit of using machine learning algorithms is their ability to characterize the non-

linearity, uncertainty and ambiguities between dewpoint pressure and its corresponding input parameters 

(Ahmadi & Ebadi, 2014). Each algorithm has its own unique limitations and strengths; the accuracy of 

neural network algorithms depend on its architecture (Kubat, 1999), the accuracy of the SVM is tied to the 

number of reliable data fed to the algorithm (Zhong et al., 2018). The dewpoint predictions obtained using 

different algorithms have shown considerable disparity. Some algorithms are prone to bias in the data, while 

others are not and this affects the overall accuracy of their final predictions. The aim of this study is to 

compare the performance of four major machine learning algorithms: multilayer perceptron neural network 

(MLP), support vector machine (SVM), gradient boost (GBM) and extreme gradient boost (XGB). The 

disparities in dewpoint predictions are compared against experimental data using standard error analysis. 

Then the number of training data is reduced to see the effect on the accuracy of each algorithm’s prediction. 

This paper is organized as follows: Section 2 describes the validation method applied to the experimental 

data used for training and testing the algorithm. Then the algorithms and their predictions are given in 

subsequent subsections. Section 3 introduces the error parameters used for comparing the performance of 

each algorithm. The results of the comparison are discussed in Section 4 while Section 5 is the conclusion. 

2. Methodology 

535 dew point pressure experimental data points were obtained from published literature. A summary 

of the key data point obtained is presented in Table 1. Data validation was done using the method outlined 

in (Bashbush et al., 2004). The validation process is shown in steps 1-3. 

(1) A graph of Log Ki vs Pressure was prepared 



(2) Data sections of the graph revealing sharp divergence on the curve were removed 

(3) Then the graph of Log Ki vs Boiling Temperature (Tb) of each component was adjusted to 100% 

sum of gas mole percentages 

Table 1: Data Ranges used for this study 

Parameters Max Min Mean Std Dev 

Methane 0.966 0.034 0.8006 0.1260 

Ethane 0.151 0.003 0.0569 0.02980 

Propane 0.109 0.001 0.0297 0.01992 

Butane 0.080 0.001 0.0193 0.01297 

Pentane 0.123 0.000 0.0126 0.0130 

Hexane 0.087 0.0004 0.0095 0.00911 

Nitrogen 0.432 0 0.0103 0.03105 

Carbon Dioxide 0.919 0 0.0154 0.05768 

Hydrogen Sulfide 0.299 0 0.0069 0.03128 

Heptane Plus 0.136 0.002 0.0378 0.02854 

Compressibility 1.759 0.644 0.9801 0.16242 

Specific Gravity 0.888 0.306 0.7866 0.03429 

Molecular Weight of 235 106 148.08 23.6516 

Dew Point Pressure 10790 1405 4751.7 1640.49 

 

The distribution of the dew point data used for this analysis is shown in figure 2 

 
Figure 2: Distribution of Experimental Data points used in this study 

2.1 MLP Neural Network 

A simple multilayer feed forward neural network model was trained by using 13 input nodes to predict the 

dew point pressure output node. The algorithm used for predicting the output node is described in Algorithm 

(1). One main challenge of using the multilayer perceptron network is selecting the appropriate number of 
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neurons and hidden layers that would yield the least error when compared with the observed data. In this 

work, the number of hidden units and neurons were varied as shown in Figure 4. Their accuracy and 

precision were measured, and the results presented in Figure 3. It was observed that Neural Network with 

single hidden layer and 5 neurons gave the best prediction with least error whereas the neural network with 

6 neurons gave the least accuracy. The single-layered 5 neurons architecture was then trained using three 

different algorithms; Levenberg–Marquardt, Scaled Conjugate Gradient, and Bayesian Regularization 

Algorithm 1 – Feed Forward Multilayer Perceptron Network 

ℕ:  Number of experimental dew point pressure data, ℕ = {𝟏, … , 𝒏} 

ℕ𝒕𝒓𝒂𝒊𝒏: Set of data for training 

ℕ𝒕𝒆𝒔𝒕:  Set of data for testing 

𝜼 : Number of Input Neurons 

𝝆: Number of hidden layer 

∅:  Activation function 

∅𝒅: Derivative of activation function 

𝒙𝒊: Input Node 

𝒚𝒊: Output Node 

𝑾𝒋𝒊:  Weight  

%%Split data set into testing and training dataset. 

1:  for each 𝜼  and 𝝆 do 

2:  Compute each input node, 𝒊 ∈  𝜼,  

3: 𝒙𝒊 = 𝑶𝒖𝒕𝒑𝒖𝒕𝒊 

4: Compute each hidden layer node, 𝒋 ∈  𝝆, 

5: 𝑶𝒖𝒕𝒑𝒖𝒕𝒋= ∑ ∅(𝑾𝒋𝒊𝒊 . 𝑶𝒖𝒕𝒑𝒖𝒕𝒊) − 𝒃𝒋 

6:  Compute each output layer neuron k, 

7: 𝑶𝒖𝒕𝒑𝒖𝒕𝒌=∑ ∅𝒅(𝑾𝒌𝒋𝒌 . 𝑶𝒖𝒕𝒑𝒖𝒕𝒊) 

8:  Compute Output Error, 

9: 𝜺𝒐𝒖𝒕𝒑𝒖𝒕 = ∑ (𝑻𝒂𝒓𝒈𝒆𝒕𝒌𝒌 − 𝑶𝒖𝒕𝒑𝒖𝒕𝒌)𝟐   

10:  end for 

11: Return Average(𝜺𝒐𝒖𝒕𝒑𝒖𝒕, InputSet) 

12: Repeat procedure for 𝒊 + 𝟏 ∈  ℕ𝒕𝒓𝒂𝒊𝒏, while adjusting 𝑾𝒋𝒊 and 𝒃𝒋 

13: End 



 

Figure 3: NN model vs MLR model plotted against Experimental data 

 

 

Figure 4: Neural Network Architecture used in this analysis 

2.2 Support Vector Machine Models 

The SVM model for this analysis utilizes the whole support vectors to produce an output. The 

decision function for the support vector algorithm is described in equation (1). 

𝑓(𝑥(𝑡)) = ∑ 𝛼∗𝑦𝑖𝐾(𝑛
𝑖=1 𝑥∗, 𝑥(𝑡)) + 𝑏∗      (1) 



𝑥∗  –  ith vector of n support vectors 

𝑦𝑖 –  Class label 

𝑥(𝑡) –  tth input frame vector 

𝑏∗ –  Optimization bias 

𝛼∗ –  Langrange multiplier 

The kernel function used in this analysis is that of the radial basis function represented by equation (2). 

𝐾(𝑥∗, 𝑥(𝑡)) = exp (−𝛾‖𝑥∗ − 𝑥(𝑡)‖2       (2) 

 𝛾 – Kernel parameter of the RBF 

Algorithm 2 – Support Vector Machine Regression 

ℕ:  Number of experimental dew point pressure data, ℕ = {1, … , 𝑛} 

ℕ𝑠𝑣: Number of Support Vectors 

ℕ𝑓𝑡:  Number of features in support vector 

𝑦: Decision Output 

%% Split data set  

1: for 𝑖 ∈  ℕ do 

2: 𝑦 = 0 

3: for 𝑗 ∈  ℕ𝑠𝑣 do 

4: 𝜎 = 0 

5: for  k ∈ ℕ𝑓𝑡 do 

6: 𝜎+= (𝑆𝑉[𝑗]. 𝑓𝑒𝑎𝑡𝑢𝑟𝑒[𝑘] − 𝐼𝑁[𝑖]. 𝑓𝑒𝑎𝑡𝑢𝑟𝑒[𝑘])2 

7: end for 

8: 𝑘 = exp(−𝛾 × 𝜎) 

9: 𝑦+= 𝑆𝑉[𝑗]. 𝛼∗ × 𝑘 

10: end for 

11: 𝑦 = 𝑦 + 𝑏∗  

12:End 

 

Figure 5: SVM predictions vs Experimental Dew Point 



2.3 Stochastic and Extreme Gradient Boosting 

In this algorithm 20,000 trees were used to fabricate additive regression models by logically 

adding a simple function (base learner) to the iteratively obtained residuals using least squares method. At 

each iteration, the differential of the loss function represents the residuals being reduced according to the 

model parameter. The algorithm used is adapted from (Friedman, 2002) and is shown in Algorithm (3). 

The predictions for each algorithm are presented in figures 6 and 7. 

Algorithm 3 – Stochastic Gradient Boost Model 

𝑿 Vector of input variables 𝑿 =  (𝑥𝑖 , … , 𝑥𝑘) 

𝐘  Set of response variables Y = (𝑥𝑖 , … , 𝑥𝑘) 

Ω(𝑦𝑖 , 𝛾) Differentiable loss function 

M Number of Iterations 

{𝜏(𝑖)}1
𝑁  Random permutation of integers 

1: Initialize model with constant value: 

2  𝐹0(𝑥) = arg 𝑚𝑖𝑛𝛾 ∑ Ω𝑁
𝑖−1 (𝑦𝑖 , 𝛾) 

3:  Introduce Randomness into selection of subsample 

4  {𝜏(𝑖)}1
𝑁 = 𝑟𝑎𝑛𝑑_𝑝𝑒𝑟𝑚  {𝑖}1

𝑁 

5:  For m=1 to M do: 

6:             �̃�𝜏(𝑖)𝑚 = − [
𝜕Ω(𝑦𝜏(𝑖),𝐹(𝑥𝜏(𝑖)))

𝜕𝐹(𝑥𝜏(𝑖))
]

𝐹(𝑥)=𝐹𝑚−1(𝑥)

, 𝑖 = 1, �̃� 

7:          {𝑅𝑙𝑚}1
𝐿 = 𝐿 − 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 𝑛𝑜𝑑𝑒 𝑡𝑟𝑒𝑒({�̃�𝜋(𝑖)𝑚, 𝑥𝜋(𝑖)}

1

�̃�
) 

8:            𝛾𝑙𝑚 = arg 𝑚𝑖𝑛𝛾 ∑ Ω(𝑦𝜏(𝑖),𝑥𝜏(𝑖)∈𝑅𝑙𝑚
𝐹𝑚−1(𝑥𝜏(𝑖)) + 𝛾) 

9:           𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝑣. 𝛾𝑙𝑚(𝑥 ∈ 𝑅𝑙𝑚) 

10: End for 

 

Figure 6: GBM prediction vs Experimental Dew Point 

Algorithm 4 – Extreme Gradient Boost Model 

𝑋 Vector of input variables 𝑋 =  (𝑥𝑖 , … , 𝑥𝑘) 

Y  Set of response variables Y = (𝑦𝑖 , … , 𝑦𝑘) 

𝜖 Random error with zero mean 

k Number of input parameters 

𝑤  Vector score on leaf 

𝑇 Number of leaves. 

𝐼𝑗 Set of data points assigned to p-th leaf 𝐼𝑝 = {𝑖|𝑞(𝑥𝑖) = 𝑝} 



%% Split data set  

1: for a tree structure 𝑞(𝑥),  

2: 𝑌 = ∑ ℎ𝑘(𝑥𝑖)
𝑘
𝑘=1 ,  ℎ𝑘 ∈  Φ 

3: 𝑂𝑏𝑗(𝑡) = ∑ [𝐺𝑝𝑤𝑝 +
1

2
(𝐻𝑗 + 𝜆)𝑤𝑝

2]𝑇
𝑝=1 + 𝛾𝑇   %% Objective function 

4: 𝐺𝑝 = ∑ 𝑔𝑖𝑖∈𝐼𝑝
   

5: 𝐻𝑝 = ∑ ℎ𝑖𝑖∈𝐼𝑝
 

6: 𝑔𝑖 =
𝜕

𝜕𝑦�̂�
(𝑡−1) [𝑙(𝑦𝑖 , 𝑦�̂�

(𝑡−1)
)] 1st order term 

7:  𝑓𝑖 =
𝜕2

𝜕𝑦�̂�
(𝑡−1) [𝑙(𝑦𝑖 , 𝑦�̂�

(𝑡−1)
)] 2nd Order term 

8: 𝑦�̂�
(0)

= 0 

9: 𝑦�̂�
(1)

= ℎ1(𝑥𝑖) = 𝑦�̂�
(0)

+ ℎ1(𝑥𝑖) 

10: 𝑦�̂�
(2)

= ℎ1(𝑥𝑖) + ℎ2(𝑥𝑖) = 𝑦�̂�
(0)

+ ℎ1(𝑥𝑖) 

 …  

11:        𝑦�̂�
(𝑡) =  ∑ ℎ𝑘(𝑥𝑖)

𝑡
𝑘=1 =  𝑦�̂�

(𝑡−1)
+ ℎ𝑡(𝑥𝑖)  

12: End   

 

 

Figure 7: XGB predictions vs Experimental Dew Point 

2.4 Published machine learning algorithms used for dewpoint prediction 

2.4.1 Committee Machine Intelligent System (Haji-Savameri et al., 2020) 

Committee Machine Intelligent System combines several models into a single model, allocating weights to 

each model based on their accuracy. To predict dewpoint, Haji-Savameri (Haji-Savameri et al., 2020) 

linearly combined four ANN models into a single model using a weighted average. However, in this study, 

we utilized three MLP models and 1 SVM model to build the CMIS model as shown in figure 8. The 

constants a0 to a4 are derived from regression as shown in equation (2). 



 

Figure 8: CMIS used in this study 

𝑃𝑑 = 𝑎0 + 𝑎1𝑃𝑑 𝑀𝐿𝑃−𝑆𝐶 + 𝑎2𝑃𝑑 𝑀𝐿𝑃−𝐵𝑂 + 𝑎3𝑃𝑑 𝑀𝐿𝑃−𝐿𝑀 + 𝑎4𝑃𝑑 𝑆𝑉𝑀 

Where the constants a0 to a4 are given as: 

𝑎0 = −0.047502367  𝑎1 = 0.367736043 𝑎2 = 0.544060545 𝑎3 = 0.146960632 𝑎4 =

−0.061931495 

3. Results and Analysis 

3.1 Error Analysis 

Goodness of fit (R2) was performed on the various predicted models to describe its proximity with the 

experimental data. The higher the R2 value the better the predicted model fits the experimental data. It is 

important to note however that R2 value does not indicate the presence of bias in the predicted model.  

𝑅 = 1 −
∑ [(𝑃𝑑)𝑒𝑥𝑝−(𝑃𝑑)𝑝𝑟𝑒𝑑]

2𝑚
𝑖−1

∑ [(𝑃𝑑)𝑒𝑥𝑝]
𝑖

𝑚
𝑖−1 −∆𝑃𝑑

         (3) 

∆𝑃𝑑 =
1

𝑛
∑ [(𝑃𝑑)𝑒𝑥𝑝]

𝑖
𝑁
𝑖−1          (4) 

𝑃𝑑 – Dew point pressure 

(𝑃𝑑)𝑎𝑐𝑡 – Experimental dew point pressure 

(𝑃𝑑)𝑝𝑟𝑒𝑑 – Predicted dew point pressure 

Average Absolute Relative Deviation (AARD) and Root Mean Square Error were obtained from 

Equation (5-7): 

𝐸𝑟 =
1

𝑛
∑ |𝐸𝑖|𝑁

𝑖−1           (5) 

𝐸𝑖 = [
(𝑃𝑑)𝑒𝑥𝑝−(𝑃𝑑)𝑝𝑟𝑒𝑑

(𝑃𝑑)𝑒𝑥𝑝
] × 100        (6) 

 



𝑅𝑀𝑆𝐸 = √[
1

𝑁
∑ 𝐸𝑖

2𝑁
𝑖−1 ]         (7) 

Case Study 1:  

The data set was split into two clusters: 428 data points were used in training the model and 107 data points 

were used for testing the model. The results of the error analysis performed are presented in Table 2. Using 

Multiple Linear Regression (MLR) as the base case, the performance of the prediction models is presented 

in figure 8.  

Table 2: Result of Error Analysis on Predictive Models (Case study 1) 

  R2 AARD (%) RMSE 

CMIS 0.9848 3.11% 189.5197 

SVM 0.9791 3.43% 222.2439 

MLP-LM 0.9783 3.82% 226.3954 

GBM 0.9672 4.01% 278.0877 

MLR 0.9588 5.67% 311.7844 

MLP-BO 0.9502 4.14% 342.79 

XGB 0.9473 5.98% 352.5907 

MLP-SC 0.9203 6.09% 433.8276 

 

Figure 9: Normalized Error with respect to Multiple Linear Regression (case study 1) 

 Case Study 2: 

In order to understand the effect of the number of training data on the performance of the models, the 

experimental data set used for the training the models were decreased from 428 to 375. The split ratio 

represents 70% for training while 30% for testing. Results from the error analysis of each model are 

presented in Table 3. Figure 9 presents a normalized error analysis. 
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Table 3: Result of Error Analysis on Predictive Models (Case study 2) 

  R2 AARD RMSE 

CMIS 0.9672 0.0862 381.8288 

GBM 0.9603 0.0951 419.8862 

XGB 0.9459 0.1149 490.3562 

SVM 0.9246 0.1138 578.5537 

MLP-LM 0.9084 0.1216 637.9442 

MLP-SC 0.8975 0.1570 674.6094 

MLP-BO 0.5793 0.1865 1367.079 

MLR -0.3613 0.3191 2458.985 

 

 

Figure 10: Normalized Error with respect to Multiple Linear Regression (case study 2) 

4. Discussion 

While developing the MLP algorithm, the following parameters were pre-set; the number of layers in the 

network, number of neurons in each layer and the activation function of each layer (see algorithm 1). Six 

pre-set parameters were randomly chosen, and the resulting predictions checked for accuracy against 

experimental data. Ranking the performances based on the combined error parameters for Case Study 1, 

we observe a superior performance of the CMIS algorithm over other algorithms.  Results from the analysis 

reveal superior performance of the GBM model when the number of training data set is altered. To prevent 

overfitting of the tree booster in XGB algorithm, we applied a shrinkage factor of 0.02, maximum depth of 

10 and a subsampling ratio of 0.5. The details of each parameter used are found in the attached XGB Code. 

The XGB algorithm makes use of parallel computing ability to generate faster results. From results obtained 

in this study, we observe that the accuracy of the XGB algorithm improves with higher number of training 
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data. While the accuracy of the GBM algorithm improves with less training data. This can be attributed to 

the use of sparse matrices, overfitting parameters used in the XGB algorithm.  

 

Figure 11: Performance based on combined error analysis (case study 1) 

For case study 2 we observed a different ranking among the prediction model based on their combined error 

analysis as shown in figure 11. Neural network with single hidden layer and 4 neurons performed better 

than others. The SVM algorithm uses a nonlinear radial basis function kernel to create an optimal 

hyperplane that separates all the training data sets into classes. This can be seen in Algorithm [2]. The 

resulting implication is that the SVM algorithm takes more computing time to process large amount of data. 

The accuracy of prediction is satisfactory for small number of data points as can be seen in figure 11. The 

decision on the choice of algorithm is dependent on the number of data available and reliability of the data. 



 

Figure 12: Performance based on combined error analysis (case study 2) 

5. Conclusion 

In this paper CMIS, SVM, MLP, GBM and XGB algorithms were successfully adapted to predict dewpoint 

pressure of Gas condensate reservoirs. The algorithms were modelled as a linear function of the input data 

- Gas composition, specific gravity, compressibility, temperature, and molecular weight of heavier 

fractions. For evaluating the performance of each algorithm, the predictions were compared with 

experimental data obtained from published literature(Nemeth & Kennedy, 1967). AARD was used as a 

measure of precision while RMSE was used as a measure of accuracy. On the measure of precision, SVM 

significantly outperforms other models. This is because SVM selects support vectors from the training data 

and uses it to make new predictions; it is able to achieve high precision. The drawback however is for 

complex data structure, more support vectors are needed to achieve reasonable accuracy and this result in 

high computational time. Consequently, the accuracy of the SVM model decreases with a decrease in the 

number of training data. Although CMIS model performs better than other algorithm, it is important to note 

that the CMIS model is a combination of four other models MLP-SC, MLP-LM, MLP-BO and SVM. Based 

on the MLP training algorithms used in this study, the MLP-LM algorithm consistently showed superior 

performance over other MLP algorithms and yielded the least error. This study concludes that the choice 

of machine learning algorithm for dewpoint prediction depends on the number of training data available 

and the reliability of such data points. For small and reliable datasets, SVM framework is preferred while 

for larger data sets, neural network models perform better. The accuracy of predictions of each algorithm 

used in this study can be improved by incorporating optimization techniques such as genetic algorithm 



(Ahmadi & Ebadi, 2014; Najafi-Marghmaleki et al., 2016), swarm algorithm (Haji-Savameri et al., 2020; 

Zhong et al., 2018) and fuzzy logic(Ahmadi et al., 2014). 
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Appendix 



 

Figure 13: Performance of the MLP-LM model 



 

Figure 14: Performance of the SVM model 


