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Abstract
Reservoir characterization and asset management require comprehensive information about formation
fluids. In fact, it is not possible to find accurate solutions to many petroleum engineering problems
without having accurate pressure-volume-temperature (PVT) data. Traditionally, fluid information has
been obtained by capturing samples and then by measuring the PVT properties in a laboratory. In
recent years, neural network has been applied to a large number of petroleum engineering problems.
In this paper, a multi-layer perception neural network and radial basis function network (both
optimized by a genetic algorithm) were used to evaluate the dead oil viscosity of crude oil, and it was
found out that the estimated dead oil viscosity by the multi-layer perception neural network was more
accurate than the one obtained by radial basis function network.
Keywords: Dead Oil Viscosity, Radial Basis Function (RBF), Multi-layer Perceptron (MLP), Genetic
Algorithm, Neural Network

1. Introduction
The reliable measurement and prediction of phase behavior and properties of petroleum reservoir
fluids are essential in designing optimum recovery processes and enhancing hydrocarbon production.
In most hydrocarbon reservoirs, fluid composition varies vertically and laterally in the formation. The
PVT properties can be obtained from a laboratory experiment using representative samples of the
crude oils. However, the values of reservoir liquid and gas properties must be computed when detailed
laboratory PVT data are not available. In recent years, artificial neural network (ANN) technology has
been applied to a large number of petroleum engineering problems. These problems include diverse
applications such as dew-point pressure prediction for retrograde gases (Abedini et al., 2011;
González et al., 2003) and well permeability estimation of reservoirs (Saemi et al., 2007).
Applications of ANN technology to PVT modeling include the prediction of oil bubble point pressure
and formation-volume factor (Al-Marhoun and Osman, 2002; Gharbi et al., 1999) and the estimation
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of oil viscosity at pressures below the bubble point (Ayoub et al., 2007). Varotsis et al. (Varotsis et
al., 1999) developed an ANN-based method to predict properties as a function of pressure for oils and
gas condensates. These ANN-PVT applications all require laboratory-measured property values such
as saturation pressure, stock-tank-oil API gravity, and gas gravity as their inputs.
This work demonstrates the novelty of a hybrid genetic algorithm-artificial neural network (GAANN) and genetic algorithm-radial basis function (GA-RBF), which combines both stochastic and
deterministic routines for improved optimization results. The new hybrid genetic algorithm developed
is applied to PVT data sets. For the case studies, the hybrid genetic algorithm found a better optimum
candidate than those reported by the ANN and the RBF networks alone.
Optimization is crucial in analyzing experimental results and models. Stochastic optimization
performs well where deterministic optimization fails. Problems with high dimensionality or very large
variable spaces cannot be solved by deterministic methods in a reasonable runtime. Stochastic
algorithms can search the variable space and can dynamically bias the candidate generation toward
the optimum solution. Stochastic algorithms are also crucial in situations where deterministic methods
cannot be applied; examples include a machine part failure, optimum critical path problems, decay
fission products etc. Genetic algorithms (GA’s) utilize stochastic operations such as crossover and
mutation on a population to make a change of generation. Crossover combines the substructures of
parents to produce new individuals. Crossover is the core of the genetic algorithm and sets it apart
from other stochastic methods such as simulated annealing. Mutation is another operation that helps
the algorithm to prevent local convergence and search the global variable space. A simple genetic
algorithm with operators such as crossover, mutation, and elitism yields good results in practical
optimization problems compared to a deterministic algorithm. Few works have been carried out on
understanding the effect of the genetic algorithm operators such as crossover, mutation, and elitism on
the function convergence (Barhen et al., 1997; Basso, 1982; McDiarmid, 1991). All the drawbacks of
the optimization algorithms are mainly due to poorly known fitness functions that generate bad
chromosome blocks, whereas only good chromosome blocks can cross over. On the other hand, the
hybridization of the genetic algorithm with a deterministic algorithm helps to overcome these
problems and to achieve the globally optimum solution applicable to any industry requiring
optimization, especially for problems with high dimensionality and large domain spaces which are not
readily solved by traditional deterministic or stochastic algorithms.
This study has proved the hypothesis that the hybridization of the genetic algorithm with a
deterministic algorithm improves the optimum solution obtained by statistical methods alone. This
hybrid genetic algorithm can successfully be applied to various processes and can achieve better
optimized results compared to the traditional methods (Barhen et al., 1997; Basso, 1982; Caprani et
al., 1993).

2. MLP and RBF networks
The feed-forward neural networks are the most popular architectures due to their structural flexibility,
good representational capabilities, and the availability of a large number of training algorithms
(Khandekar et al., 2008). This network consists of neurons arranged in layers in which every neuron is
connected to all the neurons of the next layer (a fully connected network) (Sargolzaei et al., 2015).
MLP and RBF networks are two kinds of feed-forward neural network with different transfer
functions. The MLP network consists of an input layer, a hidden layer, and an output layer. The input
nodes receive the data values and transfer them to the first hidden layer nodes. Each one collects the
input from all the input nodes after multiplying each input value by a weight, attaches a bias to this
sum, and passes on the results through a non-linear transformation like the sigmoid transfer function.
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This forms the input either to the second hidden layer or to the output layer that operates similar to the
hidden layer (Sargolzaei and Moghaddam, 2013). The resulting transformed output from each output
node is the network output. The network needs to be trained using a training algorithm such as back
propagation, cascade correlation, and conjugate gradient. The goal of every training algorithm is to
reduce this global error by adjusting the weights and biases (Abedini et al., 2012; Esfandyari et al.,
2016).
The basic element of a multi-layer perceptron (MLP) neural network is the artificial neuron which
performs a simple mathematical operation on its inputs.
It is important to note that ANN has several limitations as follows (Samui, 2011):




ANN could not provide enough information about the relative importance of different
parameters;
The knowledge obtained through the training of the net is stored in an implicit way; thus, it is
very difficult to reasonably interpret the overall structure of the network;
Slow convergence speed, less generalizing performance, arriving at local minimum, and
overfitting problems are some inherent drawbacks of ANN;

There are some modifications such as optimizing by genetic algorithm, using hybrid ANN-fuzzy
methods etc. to face these problems.
Moreover, MLP has the following drawbacks:





it cannot be parallelized;
it needs an additional parameter, i.e. µ;
it may cause additional zigzagging;
its step length still depends on partial derivatives.

As its name implies, radially symmetric basis function is used as activation functions of hidden nodes.
The transformation from the input nodes to the hidden nodes is non-linear, and the training of this
portion of the network is generally accomplished by an unsupervised fashion. The training of the
network parameters (weight) between the hidden and output layers occurs in a supervised fashion
based on the target outputs.

3. Results and discussion
3.1. Genetic optimization of multilayer perceptron method
The back-propagation training module was used to evaluate all chromosomes; in other words, after
the parameter values for each chromosome were translated into the predefined ANN, the network was
trained on the training data set, and the cross-validation data set was used to prevent the overfitting
problem and to test if the stopping criteria were satisfied. In this study, the training process of the
back propagation network (BPN) stopped after a maximum of 6000 epochs or when there was no
improvement in the mean squared error (MSE) (because of memorizing) for 100 epochs on crossvalidation data set. The fitness of every chromosome was evaluated by measuring the MSE values,
which are the estimated results on a cross-validation data set. A better network has a lower training
error but requires a higher fitness value. The cross-validation data were not used to train the ANN
model, but were used to test the ANN model at the training stage.
This process of phenotypic fitness measurement, selection, cross-over recombination, and mutation
was iterated through 27 generations; then, the network with the lowest error in the 24 generations was
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designated as the optimal evolved network. Table 1 illustrates the summarized report of the best
fitness and the average fitness values of all the data. Also, the corresponding plots resulted from this
table are shown in Figures 1 and 2. For each of these plots, the minimum MSE, the generation of this
minimum, and the final MSE are displayed across all the generations.
Table 1
Performance of GA-MLP model for test data set.
Performance

Viscosity

Mean squared error (MSE)

0.011134496

Normalized mean squared error (NMSE)

0.009357474

Mean absolute error (MAE)

0.081647241

Min absolute error

0.017183716

Max absolute error

0.18898419

R

0.997475672
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Figure 1
Average fitness (MSE) versus generation in GA-MLP.

In Figure 1, the average fitness achieved during each generation of the optimization is illustrated. The
average fitness is the average of the minimum MSE (cross validation MSE) taken across all of the
networks within the corresponding generation. The fitness function is an important factor for the
convergence and the stability of the genetic algorithm. The collision avoidance and the shortest
distance should be considered in path planning. Therefore, the smallest fitness value was used to
evaluate the convergence behavior of the genetic algorithm. Figure 2 demonstrates the best fitness
value versus the number of generation. In this case, to evaluate the hybrid model generalization on the
chosen data set or the test data points, the performance of each model is reported in Table 1.
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Figure 2
Best fitness (MSE) versus generation in GA-MLP.

Figure 3 shows the plot of the network output and the desired network output for test data set. In this
figure, the desired output (or dead oil viscosity) is plotted in a solid line, and the corresponding
network output is drawn in a dash line.
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Figure 3
Desired output and actual GA-MLP network output.

Figure 3 displays the actual dead oil viscosity which is measured in the experiments and is never seen
by the network during the genetic training in comparison with the network’s estimation/prediction for
each sample. The results tabulated in the Table 2 reveal that the correlation coefficient between the
desired parameters and GA-MLP output is 0.997475672. Accordingly, the genetically trained network
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is able to predict/estimate dead oil viscosity amounts in good agreement with the actual measurements
in the experiments. The capabilities of the optimized neural networks in pattern recognition were also
established.
Table 2
Training and cross-validation error obtained from the trained GA-MLP network.
Optimization summary

Best fitness

Average fitness

Generation number

24

21

Minimum MSE

5.94747×10-07

5.5981×10 -06

Final MSE

5.94747×10-07

0.005515255

3.2. Genetic optimization of radial basis function method
The GA-RBF algorithm provides a complete framework for building models based on available data
since, apart from providing a mathematical expression, it selects the appropriate factors that are going to
be used as the inputs to the model. Therefore, it considers the problem as a small or medium scale
variable selection problem (Kudo et al., 2000). The two objectives (the selection of proper regressors
and the minimization of the prediction error) are combined into a single objective function. The
methodology uses a specially designed GA as a search strategy, which employs a hybrid coding of
genes. More precisely, each potential input variable is coded by a binary gene denoting whether the
variable is present in the model (the gene has the value of 1) or not (the gene has the value of 0). An
additional integer gene in each chromosome corresponds to the number of fuzzy sets that are defined in
the domain of each variable, which is a parameter used by the fuzzy means algorithm. Thus, the length
of each chromosome is equal to the number of candidates for becoming input variables plus one.
The RBF neural network model corresponding to a particular chromosome is constructed by using
only the input variables in the binary genes of the chromosome. Then, the fuzzy means algorithm is
applied, where the number of fuzzy sets in each input direction is set equal to the content of the
integer gene of the chromosome. A new population is generated by selecting individuals from the old
population based on the previously calculated fitness of chromosomes. The crossover and mutation
genetic operators are applied to the new population. The crossover operator is employed to exchange
genes between two chromosomes. For the specific methodology, a one-point crossover scheme is
utilized, where they exchange strings of genes after some pairs of chromosomes are randomly selected
based on the probability of crossover. During the crossover operation, the last integer gene is treated
in the same manner as the binary genes, and it is exchanged as well.
However, the different nature of the last gene necessitates a special treatment during the mutation
operation. Thus, uniform flip bit mutation is applied to the binary genes with a probability equal to pum ,
but nonuniform mutation with a probability of pnum is used if the gene selected for mutation is the
integer gene representing the number of fuzzy sets (Michalewicz et al., 1996). Nonuniform mutation is
preferred over uniform mutation for altering the number of fuzzy sets since it initially searches the space
uniformly, but, as the algorithm proceeds, it performs a more local search. The algorithm will be
performed continuously unless either it has reached the maximum number of iterations or the fitness
value has not been improved for the last L iterations. The final outcome of the algorithm is the
chromosome that produces the best fitness value during the entire procedure. This chromosome defines
the optimal subset of the input variables and the produced RBF model based on the above description.
The following is the tuning parameters of the GA-RBF algorithm that must be defined by the user:


the size of the population, which represents the total number of chromosomes;
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the total number of generations;



the number of consecutive generations for which the objective value is not improved;



the probability of crossover;



the probabilities of uniform mutation and nonuniform mutation.

The data of 20 experiments were divided into three sets of different lengths: the first set (60% of the
data set for training) used for model building and parameter estimation; the second set (20% of the
data set for cross-validation); and the remaining 20% of the data set used to test the model. The target
was to build a model that can predict the result of this experiment in other conditions which cannot be
achieved in our experiment. The GA-RBF and GA-MLP methods were programmed in the MATLAB
7.7 environment and NeuroSolutions Release 5.0 software separately, and their results were in good
agreement. GA-RBF was used to select the optimal subset of variables by employing the parameter
values summarized in Table 3. The runtime of the program was less than 15 min using a Pentium IV
1.86 MHz processor, which shows that the method is not computationally demanding; this is due the
fact that the algorithm needs to run only once.
Table 3
Parameters for the variable selection algorithm.
Parameter

Value

Population size

50

Maximum number of generations

27-40

Maximum number of consecutive generations for which no improvement is observed

100

Crossover probability

50

Mutation probability

0.9

Cluster centers

0.15

The same results obtained by GA-RBF method are listed in Tables 4 and 5 and Figures 4-6.
Table 4
Training and cross-validation error obtained from the trained GA-RBF network.
Optimization summary

Best fitness

Average fitness

Generation number

2

23

3.80505×10

Minimum MSE

-06

6.42298×10 -05

3.80505×10 -06

Final MSE

0.00199039

Table 5
Performance of GA-RBF model for the test data set.
Performance

Viscosity

MSE

0.108100505

NMSE

0.090848089

MAE

0.283118159

Min absolute error

0.117146862

Max absolute error

0.564296578

R

0.985606095

0.016

4.0E-05

0.014

3.5E-05

0.012

3.0E-05

0.010

2.5E-05
MSE

MSE
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Figure 5
Average fitness (MSE) versus generation in GA-RBF. Best fitness (MSE) versus generation in GA-RBF.
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Figure 6
Desired output and actual GA-RBF network output.

4. Conclusions
In this paper, we presented a complete framework for the development of PVT evaluation model. An
attempt was made to develop a methodology for designing the neural network architecture using
genetic algorithm. Genetic algorithm was used to determine the number of neurons in the hidden
layers, the momentum, and the learning rates in order to minimize the time and the effort required to
find the optimal architecture. The methodology is particularly useful for the prediction of PVT
evaluation result. The GA-RBF and GA-MLP methods combine two advanced artificial intelligence
technologies, namely the RBF and MLP neural networks architecture, and a specially designed
genetic algorithm to select the appropriate explanatory variables.
Comparing the prediction performance efficiency of the GA-MLP with that of GA-RBF showed that
GA-MLP model significantly outperformed the GA-RBF model. On the other hand, GA was found to
be a good alternative to the trial-and-error approach to quickly and efficiently determine the optimal
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ANN architecture and internal parameters. The performance of the networks with respect to the
predictions made on the test data sets showed that the neural network model incorporating a GA was
able to sufficiently estimate the PVT evaluation with a high correlation coefficient.
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Nomenclature
ANN

: Artificial neural network

API

: American Petroleum Institute

BPN

: Back propagation network

GA

: Genetic algorithm

MAE

: Mean absolute error

MLP

: Multi-layer perceptron

MSE

: Mean squared error

NMSE

: Normalized mean squared error

PVT

: Pressure-volume-temperature

RBF

: Radial basis function
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