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Abstract: An optimal oil recovery technique for keep a high pressure in oil reservoirs and maintain

the oil extraction is Nitrogen injection. Therefore, an extensive comprehending of the phase behavior

of the N2 and the crude oil is necessary for applications of N2 in increased oil recovery. In this work

a new method based on Artificial Neural Networks (ANN) for prediction of vapor-liquid equilibrium

data of nitrogen-n-pentane system has been proposed. Experimental data were collected from the new

research that was done based on static analytical method and after pre-treating were used for training

the network. Among this training the back-propagation learning algorithm with various training such

as Scaled Conjugate Gradient (SCG), Levenberg-Marquardt (LM), and Resilient Back propagation (RP)

methods were used. The most successfully algorithm with suitable number of seven neurons in the

hidden layer which gives the minimum Mean Square Error (MSE) is found to be the LM algorithm.

Results showed the best estimation performance of ANN and its capability for prediction of the

equilibrium data.
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INTRODUCTION

An optimal oil recovery technique for keep a high pressure in oil reservoirs and maintain the oil extraction

is Nitrogen injection. In fact using N2 as a substitute for hydrocarbon gases for pressure maintenance and

improved oil recovery presents several advantages such as plentiful, economical, etc. Depending on the

injection rate and pressure at wells, the cost of N2 can be as low as a quarter to a half that of the cost for

natural gas (Garcia Sanchez, F., J.R. Avendano Gomez, 2006). Consequently, a comprehensive understanding

of the phase behavior of the N2 and the crude oil is essential for applications of N2 in enhanced oil recovery;

e.g., the equilibrium phase diagram of N2–crude oil systems can be used to establish whether a miscible or

immiscible condition will occur (Garcia Sanchez, F., J.R. Avendano Gomez, 2007).

Determination of vapor–liquid equilibrium (VLE) of binary systems is very important in many industrial

fields such as oil recovery. VLE data are generally determined by the thermodynamic models (Arce, A., J.M.

Ageitos, 1996; Iliuta, M., F.C. Thyrion, 1996; Nguyen, V.D., R.R. Tan, 2007; Mohanty, S., 2005). In practice,

the phase behavior of these multi-component mixtures is predicted by using equations of state. However, it

is difficult to use these equations to predict correctly the complex phase behavior of N2–crude oil systems.

This problem is due to the lack of experimental phase equilibrium information of N2– hydrocarbon systems

in a wide range of temperature and pressure and its non linearity. Since it is very difficult to mathematically

find the regression equations, which would describe the complex phase equilibria both qualitatively and

quantitatively in a correct way, it seems advisable to apply the modern calculation method such as artificial

neural networks. Artificial neural networks can solve problems that previously were difficult or even impossible

to solve, therefore they have been widely used in petroleum engineering. This model provides a connection

between input and output variables and bypass underlying complexity inside the system. The ability to learn

the behavior of the data generated by a system certifies neural network's versatility (Valles, H.R., 2006).

Speed, simplicity, and capacity to learn are the advantages of ANN compared to classical methods. Neural

networks have particularly proved their ability to solve complex problems with nonlinear relationships
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(Alrumah, M., 2003). When the training of the network is complete, the network can predict the VLE data

non-iteratively for any set of input parameters (Ganguly, S., 2003). This model has been widely applied to

predict the physical and thermodynamic properties of chemical compounds. Recently a few researches have

been performed by artificial neural networks for prediction of pure substances and petroleum fraction's

properties (Bozorgmehry, R.B., F. Abdolahi, 2005), activity coefficients of isobaric binary systems (Biglin, M.,

2004), thermodynamic properties of refrigerants (Chouai, A., D. Richon, S. Laugier, 2002; Ganguly, S., 2003;

Sozen, A., E. Arcakilioglu, 2005), activity coefficient ratio of electrolytes in amino acid's solutions (Dehghani,

M.R., H. Modarress, 2006), the phase stability problem (Schmitz, J.E., R.J. Zemp, 2006), and dew point

pressure for retrograde gases (Zambrano, G., 2002), etc.

In this work, an artificial neural network has been applied for simulation and regression a collection of

data for estimation of high pressure vapor liquid equilibria in nitrogen-n-pentane system. Definition of ANNs

and creating the best ANN predictor to define the thermodynamic properties of this system instead of

approximate and complex analytic equations are the main focus of this work. In the remaining part of current

study after brief description of ANN, the attempts to build the best ANN predictor will be described. Finally

results of ANN will be tested with unseen data and then compared with the experimental data and

thermodynamic model.

MATERIALS AND METHODS

Artificial neural network:

In order to find relationship between the input and output data driven from accelerated experimentations,

a powerful method than traditional modeling is necessary. ANN is an especially efficient algorithm to

approximate any function with finite number of discontinuities by learning the relationships between input and

output vectors (Hagan, M.T., H.B. Demuth, 1996; Biglin, M., 2004). These algorithms can learn from the

experiments, and also are fault tolerant in the sense that they are able to handle noisy and incomplete data.

The ANNs are able to deal with non-linear problems, and once trained can perform prediction and

generalization at high speed (Sozen, A., E. Arcakilioglu, 2004). They have been used to solve complex

problems that are difficult for conventional approaches, such as control, optimization, pattern recognition,

classification, properties and desired that the difference between the predicted and observed (actual) outputs

be as small as possible (Richon, D., S. Laugier, 2003).

Artificial neural networks are biological inspirations based on various characteristics of the brain

functionality. They are composed of many simple elements called neurons that are interconnected by links that

act like axons and determine an empirical relationship between the inputs and outputs of a given system.

Where the inputs are independent variables and the outputs are dependent. A typical interconnected neural

network that arranged in multiple layers is shown in Figure (1). This network has an input layer, an output

layer, and one hidden layer that each one of them plays different roles. In a network each connecting line has

an associated weight. Artificial neural networks are trained by adjusting these input weights (connection

weights), so that the calculated outputs approximate the desired.

Fig. 1: Schematic of typical multi-layer neural network model
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The output from a given neuron is calculated by applying a transfer function to a weighted summation

of its input to give an output, which can serve as input to other neurons, as Eq. (1) (Gharbi, R., 1997).

  (1)

The ájk is output from neuron j in layer k that may be obtained by where âjk is the bias weight for

wijk neuron j in layer k. The coefficients w in the summations are the connection weights of the neural network

model. These connection weights are the model fitting parameters.

The transfer function Fk is a nonlinear function. These activation functions come in many different forms,

the classics being threshold, sigmoid, Gaussian and linear function, etc… (Lang, R.I.W., 2001). for more details

of various activation functions see Bulsari (Bulsari, A.B., 1995).

The training process requires a set of examples of proper network behavior; network input (Ii) and target

output (ô i). During training the weights and biases of the network are iteratively adjusted to minimize the

network performance function (Demuth, H., M. Beale, 2002). The typical performance function that is used

for training feed forward neural networks is the Mean Squares of the network Errors (MSE) Eq. (2).

  (2)

There are many different types of neural networks. Each differs from the others in network topology and/or

learning algorithm. Back propagation learning algorithm is one of the commonly algorithm which is used for

predicting thermodynamic properties, in this study. Back propagation is a multilayer feed-forward network with

hidden layers between the input and output layer (Osman, E.A., M.A. Al-MArhoun, 2002). The simplest

implementation of backpropogation learning updates the network weights and biases in the direction of the

negative gradient which the performance function decreases most rapidly. The one iteration of this algorithm

can be written as Eq. (3) (Gharbi, R., 1997).

  (3)

The details of this process are shown by a flowchart as Figure (2) for finding the optimal model. There

are various back propagation algorithms. Scaled Conjugate Gradient (SCG), Levenberg-Marquardt (LM), and

Resilient Backpropagation (RP) are many types of them. LM is the fastest training algorithm for networks of

moderate size and it has memory reduction feature for use when the training set is large. SCG is the one of

the most important back propagation training algorithms, which is very good general purpose algorithm training

(Demuth, H., M. Beale, 2002; Lang, R.I.W., 2001).

In duration of training neural nets learn to recognize the patterns which exist in the data set. Neural nets

teach themselves the patterns in the data freeing the analyst for more interesting work and they are flexible

in a changing environment .Although neural networks may take some time to learn a sudden drastic change.

They are excellent at adapting to constantly changing information but the programmed systems are limited to

the situation for which they were designed and when conditions change, they are no longer valid.

Neural networks can build informative models where more conventional approaches fail. Because neural

networks can handle very complex interactions, they can easily model data which is too difficult to model with

traditional approaches such as inferential statistics or programming logic. Performance of neural networks is

at least as good as classical statistical modeling, and better on most problems (Osman, E.A., M.A. Al-

MArhoun, 2002). The neural networks build models that are more reflective of the structure of the data in

significantly less time. Neural networks now operate well with modest computer hardware. Although neural

networks are computationally intensive, the routines have been optimized to the point that they can now run

in reasonable time on personal computers. They do not require supercomputers as they did in the early days

of neural network research.

Experimental Data:

2The N -n-pentane system has been previously studied by several authors at different temperature and

pressure conditions (Garcia Sanchez, F., J.R. Avendano Gomez, 2006). Sanchez F. et al reported new vapor-
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liquid equilibrium measurements based on the static analytical method for this system over the temperature

range from 344.3 to 447.9 and pressure up to 35 MPa. Five isotherms are reported in their study, which were

determined in a high-pressure phase equilibrium facility of the static analytic type (Kalra, H., D.B. Robinson,

1975; Garcia Sanchez, F., J.R. Avendano Gomez, 2006). Table 1 contains some measured equilibrium phase

compositions for this binary system, temperature, and pressure.

Fig. 2: A training process flowchart

Table 1: Minimum and Maximum of experimental vapor-liquid equilibrium data used to train the Neural N etwork (N2-n-pentane system)

(Garcia Sanchez, F., J.R. Avendano Gomez, 2006).

5T  (K) P (MPa) xN2 yN2 KN 2 nCK

344.3 1.670-35.47 0.0213-0.6341 0.7845-0.7923 36.831-1.2495 0.2202-0.5676

377.9 1.7 10-26.61 0.0179-0.5855 0.5334-0.7277 29.7989-1.2429 0.4751-0.6569

398.3 1.700-21.23 0.0138-0.5030 0.3503-0.6838 25.3841-1.3594 0.6588-0.6362

422.7 1.990-15.23 0.0100-0.4034 0.1663-0.5787 16.630-1.4346 0.8421-0.7062

447.9 2.870-9.200 0.0131-0.2579 0.1035-0.3888 7.9008-1.5076 0.9084-0.8236

Theory and PR Equation of State Approach:

Vapor-liquid equilibrium (VLE) relationships are needed in the solution of many engineering problems.

The required data can be found by experiment, but such measurements are seldom easy, even for binary

systems, and they become rapidly more difficult as the number of constituent species increases. This is the

incentive for application of thermodynamics to the calculation of phase-equilibrium relationships.

A measure of how a given chemical species distributes itself between liquid and vapor phases is the

equilibrium ratio:

  (4)
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Moreover, it characterizes lightness of a constituent species. For a light species, there are tending to

concentrate in the vapor phase, K > 1; for a heavy species, tending to concentrate in the liquid phase, K <

1 (Perry, R.H., 1999).

For equilibrium conditions we have:

  (5)

The defining equation for the fugacity coefficient may be applied to each phase:

Liquid phase:   (6 )

Vapor phase:   (7 )

Then

  (8)

From Eq. (3) and (7):

  (9)

One of the most widely used equation of state for estimating the equilibrium constant values, is Peng-

Robinson (PR) (Perry, R.H., 1999).

(10)

 (11)

 (12)

 (13)

(14)

(15)

(16)

(17)

(18)
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(19)

ijThe interaction parameter, k  is an adjustable value characterizing the binary formed by component i and

ij ji ii ijj, k  = k  and k  =0. For this system and PR EoS, we consider k  = 0.065 (Garcia Sanchez, F., J.R. Avendano

Gomez, 2006). The fugacity coefficient for applying in Eq. (8) is given by

(20)

Developing the Neural Network Model:

In this work, the neural model is devoted to the computation of high pressure vapor-liquid equilibrium

constant of N2-nC5 system. The back propagation method with SCG, LM and RP learning algorithm has been

used in feed forward, single hidden layer network. Neurons in input layer have no transfer function. The

neurons in the hidden layer perform two tasks: they sum the weighted inputs connected to them and pass the

resulting summations through a non linear activation function to the output neuron or adjacent neurons of the

corresponding hidden.

The computer program has been developed under MATLAB. Each ANN has been trained with 2/3 of data

set and 1/3 of data have been used to evaluate their accuracy and trend stability. The number of neurons in

hidden layer was systematically varied to obtain a good estimate of the data being trained. Some statistical

methods were used for comparison. The criterion for selection in this work was MSE between net output and

training data. Figure (3) shows MSE for various hidden layers neurons. The optimum number of hidden layer

neurons was determined to be seven for minimization of error.

Fig. 3: Determining the optimum number of neurons for the algorithms

The MSE for various algorithm training, base on the seven neurons in hidden layer are listed in table (2).

As shown in table (2) the Levenberg-Marquardt (LM) algorithm provides the minimum error for training the

network.

Table 2: MSE Comparison between different algorithms for the training of ANN

algorithm MSE of network Training

trainlm 0.0000123

trainscg 0.0001541

trainrp 0.0006873
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After training the ANN, the models become ready for testing and evaluation by unseen data with network.

The various MSE for testing the network is listed in table (3). According to this table, the most suitable

algorithm which provides the minimum error for the testing is found to be the Levenberg-Marquardt (LM)

algorithm.

Table 3: MSE Comparison between different algorithms for the testing of ANN

algorithm MSE of network Training

trainlm 0.000197

trainscg 0.000264

trainrp 0.006782

Consequently, LM provides the best minimum error for both training and testing of network. The

fluctuations of relative error between experimental  data  and  simulation  by LM algorithm are shown in

Figure (4).

Fig. 4: The relative errors between predicted data by ANN and Experimental data

A scatter plot of typically measured experimental data against the ANN model predictions was shown in

Figure (5).

Fig. 5: Evaluation of ANN performance; A scatter plot of typically measured experimental data against the

ANN model for unseen data

It is obvious from this figure that the ANN provides results very close to process measurements. The

predictions which match measured values should fall on the diagonal line. Almost all data lay on this line,

which confirms the accuracy of the ANN model. ANN's results showed acceptable estimation performance for

prediction of the equilibrium constant (K-Value).
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RESULTS AND DISCUSSIONS

Results:

The values of equilibrium constants are shown in fig.6. As shown in this figure, there are two sections,

one for N2 and other for n-C5. It can be seen that N2 inclines to concentrate in the vapor phase (K �  1)

whereas the n-pentane dose it in the liquid phase (K � 1).

Fig. 6: The comparison between predicted data by ANN (+) and Experimental data (o) for equilibrium

constant

Figure 7 shows that the PR equation fit the data well at low pressures but fails badly when pressure and

temperature increase, while the artificial neural network has the overall agreement between experimental and

prediction values in all of the pressure and temperature ranges.

Fig. 7: The comparison between predicted data by ANN, Experimental data and PR EoS results

N2 nC5Figures 8-10 show the scatter diagrams that compare the experimental values of K , K , and pressure

versus the neural network computed data. As seen, a tight cloud of points about the 45o line was obtained for

these additional data points. This indicates an excellent agreement between the experimental and the calculated

data.
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Fig. 8: Comparison between ANN and experimental data for equilibrium constant of N2

5Fig. 9: Comparison between ANN and experimental data for equilibrium constant of nC

The all results exhibit that neural networks can predict the equilibrium data satisfactory as a new method

instead of instead of approximate and complex analytic equations or thermodynamic models.

Conclusion:

In this work, the ability of ANN with MLP neural network for modeling and prediction of vapor-liquid

equilibrium data of nitrogen-n-pentane binary system has been investigated. The MSE analysis based results

are used for verification of the suggested approach. Results show, a good agreement between experimental data

and the predicted by ANN. An important feature of the model is it doesn't require any theoretical knowledge

during the training process. The results show that the presented new neural network models that provide better

predictions and higher accuracy than existing correlation such as PR equation of state for estimation the VLE

data.
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Fig. 10: Comparison between ANN and experimental data for equilibrium pressure
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NOMENCLATURE

e Difference between target data and simulation

f Fugacity

kF Transfer function of the neurons in layer k

g Gradient

I Input data

K Equilibrium constant

ijk Interaction parameter

l Learning rate

N Number of neurons 

P Pressure (MPa) 

R Universal gas constant (8.3 14 J mol  K ) -1 -1

T Temperature (K)

x Mole fraction in liquid phase

y Mole fraction in vapor phase

kw Connection weights

Z Compressibility factor

á Output of neuron

kâ Bias in layer k

ö Fugacity coefficient 

í Molar volume (m3 mol )-1

iô Target data

ù Acentric factor

÷ Vector of weights

superscript 

v Vapor phase

l Liquid phase
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I i’th component

j j’th component

c Critical

r Reduced
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