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Abstract In recent years, modern information technologies are actively used
in various sectors of industry. The oil industry is no exception, since high­
performance computing technologies, artificial intelligence algorithms, methods
of collecting, processing and storing information are actively used to solve the
problems of enhanced oil recovery.
This article discusses the application of modern approaches to solving oil
production problems: the fragmented approach technology, the parallel approach
technology and machine learning algorithms. The problem of multiphase
multicomponent fluid flow in porous medium is solved by the Newton­ILU
(0)­GMRES method. To automate the implementation of numerical models on
multicomputers, fragmented programming technology and a parallel algorithm
on MPI are used. The developed algorithms were tested and analyzed on the
MVS­10P supercomputer. Also, the problem of oil displacement is solved using
machine learning algorithms. The algorithms are classical supervised learning
(linear and polynomial regression) and neural networks.

Keywords: Enhanced oil recovery, MPI, Machine learning, LUNA, Regression
methods, Artificial neural network, GMRES, Preconditioner.

Introduction

The development of modern high­performance computing allows humanity to solve
important scientific and applied problems in various fields. The accuracy of solving
such problems requires the use of a large mesh, which in turn requires large
computational resources. Currently, supercomputers are used to solve problems such as
weather modeling and climate prediction, acoustic problems, hydrodynamics, economic
processes and etc.Actual and at the same time quite a difficult task of hydrodynamic
modeling is the simulation of multicomponent multiphase flow of liquid (oil and gas) in
porousmedia (in oil reservoirs). In solving such problems, variousmethods and schemes
[1,2,3] can be used, some of them are iterative methods for solving linear systems [4,5].

Various technologies are used to speed up the execution time of calculations for
solving scientific problems, such as MPI [6], OpenMP [7], CUDA [8,9], OpenCL
[10], and fragmented programming [11].
⋆ Supported by National Engineering Academy
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In this paper, we solve a system of equations using the Newton­Raphson method, at
each iteration of which the system of algebraic equations is solved using the generalized
minimum residual method (GMRES) with ILU (0) preconditioner. A program for
solving this problem using a method called Newton­ILU(0)­GMRES is implemented
parallel usingMPI and using fragmented programming (FP) technology, which is aimed
at automating the construction of parallel programs for supercomputers.

There is a lot of research related to increasing oil production using machine learning
methods. In this work [12], the authors found out that the use of machine learning
(ML) algorithms may turn out to be more productive in comparison with traditional
calculations on a regular grid [13,14].

The work [15] considers machine learning algorithms for estimating the oil
production coefficient using a combination of engineering and stratigraphic parameters.
For a data set consisting of 30 parameters, linear regression models and the support
vector machine (SVM) method were applied. As a result, the data obtained were very
close to the results of cross­validation. Thus, the authors of this work suggest that the
methods considered by them can be used to predict future production. The authors
of [16,17] considered the use of artificial neural network (ANN) for predicting oil
production.

The study [18] examined various machine learning methods for predicting
downhole pressure, oil production, and forecasting water cut in production tasks. The
authors of [19] also examined the use of machine learning methods for interpreting
pressure, flow rate, and temperature data from permanent downhole sensors. In this
paper, three machine learning methods were applied, such as linear regression (LR),
core method, and ridge core regression.

Numerical Simulation of Multicomponent Multiphase Flow in
Porous Media using MPI technology

The one­dimensional problem of compositional fluid flow in a porous medium is
considered. Compositional flow involves multiple components and three phases, and
there is a mass transfer between the vapor and liquid phases

A mathematical model of a multicomponent flow of a three­phase liquid in a
porous medium is considered. The law of conservation of mass for each component is
written down and a system of nonlinear equations is obtained. Distribution of chemical
components in the hydrocarbon phase described by the K­value method [20]. The
thermodynamic behaviour of fluids under reservoir conditions are described by the
Peng­Robinson equations of state [21].

The system of nonlinear equations is linearized by the Newton­Raphson method.
The resulting system of linear equations is reduced to the following form, as shown by
[2]:

Ax = b, (1)

In this work, system (1) was solved by the iterative method GMRES, which is a
widely used Krylov subspace method [22].
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To reduce the number of iterations in the computation, preconditioning was used
as an explicit or implicit modification of the system of linear equations, making it
possible to simplify the solution. We choose ILU(0) [23] as a preconditioner for the
GMRES algorithm, which was found by decomposing matrix A by a fine­grained ILU
factorization algorithm. As a result, for the numerical solution of the given problem for
solving a system of linear equations, (1) uses the Newton­ILU0­GMRES algorithm as
a fully implicit scheme.

To implement the parallel algorithm of the Newton­ILU0­GMRES, we need to
determine the parts of the calculations that can be the basis of parallelization.

For instance, the ILU0­GMRES algorithm consists of the following steps:

1. Initialization. Choose x0, compute r = b− Ax0, solve Pw = rand compute v1 =
w

∥w∥2

2. Arnoldi iteration. Iterate m times: j=1,2,…,m. The specific Arnoldi algorithm is as
follows:

for i=1,…,m
Pw=Axi
for k=1,…,i
hk,i = (w, vk)
w = w − hk,ivk
endk
hi+1,i = ∥w∥2
vj+1 = W

hi+1,i

end i

3. Compute the approximate solution xm = x0+Qn,m ym. Here, ym minimizes
∥βξ −Hm,m∥;Qn,k is an nxk matrix, the column vector of the matrix is composed
of v1, v2,…, vk orthogonal vectors, andHmm is the Hessenberg matrix.

4. Determination. Compute rm = b − xm, stop if the condition is met: otherwise let
x0 = xm and go back to 1) and recalculate. The convergence condition by which
the method stops is given by an arbitrary number ε.

In this ILU0­GMRES algorithm, there are common operations such asmatrix­matrix
multiplication, matrix­vector multiplication, vector­vector multiplication and vector
norm calculation in steps of a), b) and c). These operations could be implemented in
parallel with data decomposition. In a) and b) steps of the GMRES algorithm, P is used
as the ILU(0) preconditioner.

The testing of the program was carried out on matrices corresponding to the cases
when the number of grid point schemes varied from 500 to 8000. The size of the matrix
being solved is 6 times larger than the number of grid points. The size of the matrix,
which corresponds to the case when the number of points in the difference grid is equal
to 8000, is 48000 x 48000, since for each point 6 equations are written.

Test runs for the considered problem (1) were made on theMVS­10P supercomputer
of the Interdepartmental Supercomputer Center of the Russian Academy of Sciences,
which includes nodes with two Xeon X5450 processors and 8 GB of RAM for each
node. The test results are shown in Table 1.
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Table 1. The runtimes of the parallel program in MPI

Number of processors Size of Matrix A
3000x3000 6000x6000 12000x12000 24000x24000 48000x48000

1 3.74 48.38 334.24 1 688.74 20 219.34
8 1.19 7.57 53.82 394.74 2 942.02
64 2.59 12.03 64.16 389.68 2 565.59
128 2.95 12.66 65.25 395.58 2 569.01
256 4.39 17.29 82.75 450.28 2 798.32
512 11.53 42.56 202.01 866.98 4 185.07

As we can see from the test results, the parallel program running on 8 processors
achieved the shortest runtime. As the size of the task increases, the parallel application
achieves the shortest calculation time running on 64 processors, but it is not much
different from the runtime of a parallel program running on 8, 128 and 256 processors.
The reason is because with an increase in the number of processors, the computation
time on each processor decreases, and the time spent on communications increases.

It can be seen that the runtimes on 64 and 128 processors are about the same. This
finding is explained by the fact that on 64 processors, the communication time is less
than the computation time, and on 128 processors, the computation time is less than
the communication time, but in total, the time consumed is almost the same. For matrix
size 3000x3000 on 256 and 512 processors, the parallel program is slower than the
sequential program. With an increase in the size of the matrix, for instance, for matrices
6000x6000 ­ 48000x48000, the runtime of the parallel program decreases compared to
the sequential program. This regularity makes it possible to predict that with an increase
in the size of the matrix, in large numbers of processors, acceleration also increases. It
can be concluded that it makes sense to run the parallel algorithm of the method on a
large number of processors but only with large of matrix that cannot fit in the memory
of a single node.

Numerical Simulation of Multicomponent Multiphase Flow in
Porous Media on LuNA Fragmented Programming System

To solve the problem presented in the previous chapter, a fragmented version of
the ILU(0)­GMRES algorithm for the LuNA system was developed. A fragmented
algorithm frees the programmer from parts of parallel program execution, such as data
transfer and messaging, and allows him to perform these actions automatically. In the
system of fragmented programming LuNA to automate the creation of parallel programs
uses the so­called fragmented algorithm (FA), which consists of light processes,
computational fragments (CF). The data is represented as an immutable block called
data fragments (DF). Accordingly, new data, called output DFs, are computed from
input DFs using CF.

In the fragmented version of the Arnoldi orthogonalization algorithm, the vectors w
and vk are divided by n the number of DFs. The resulting matrices Hm,m and Qn,k are
stored as separate DFs. In each new Arnoldi iteration, the defined CFs calculate the new
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output DFs, using the above listed DFs as input parameters. In this case, the input DF,
which will no longer be used, can be removed from memory.

You can see that calculating of the residual r and finding the approximate solution
xm of the ILU(0)­GMRES algorithm, which was described before, are simple matrix­
vector operations, the fragmented algorithms of which can be easily implemented in the
LuNA system.

Table 2. The runtimes of the fragmented program in LuNA

Number of processors Size of Matrix A
3000x3000 6000x6000

8 1338,81 8412,66

Table 2 shows the running time of a fragmented program. As you can see from the
table, the computation time turns out to be very long, this is due to the fact that the
algorithm has a lot of connections between the nodes, it takes a lot of time to organize
them, moreover, in the LuNA system, the MPICH library is used to organize parallel
computations using the TCP standard / IP. Therefore, a lot of time is spent on data
exchange between nodes, in contrast to the MPI program, in which the data exchange
was implemented using the faster InfiniBand standard.

Using Machine Learning Methods for Oil Recovery Prediction

In this work, the obtained synthetic data from a mathematical model were divided into
a training and test sample. As input parameters, various combinations of parameters
of the oil production problem (porosity, viscosity of the oil phase and absolute rock
permeability) were taken. And as the output parameter, the value of the oil recovery
coefficient was chosen. The data was divided into a training and test set. For training,
8069 sets (80%) of the total data were used, and for the test the remaining 2017 pairs
(20%). The total number of sample pairs is 10,086 models. Each sample pair consists
of 40 oil recovery factor values. As a result, we have many test pairs, however, in this
paper, the results will be shown only for some. Fig. 1 shows the result of one test sample
pair for different regression methods. Fig. 2 shows the result of one test sample pair for
ANN. The Table 3 shows the average R2 score for 20% of test sets.

Table 3. Evaluation of R2 for all pairs of training and test set.

Machine learning algorithms Test sets (20%)
R2

LR 0.91
Polynomial Regression (PR) degree = 2 0.96
PR degree = 3 0.79
PR degree = 3 with L1 0.92
ANN 0.97
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Figure 1. Oil recovery factor on different regression models.

Figure 2. Oil recovery prediction using an artificial neural network.
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Conclusion

This research examines the parallel implementation of the Newton­ILU0­GMRES
algorithm for a multicomponent three­phase flow problem. Tests were carried out with
different node sizes and numbers of processes on supercomputers. The study showed
that on a large number of processes, the MPI program runs better in large­scale tasks,
in addition the MPI program has higher efficiency and scalability than the LuNA
program. In the future we plan to develop a fragmented program to direct control for the
considered parallel algorithm, which will increase the effectiveness of the fragmented
program.

This article was devoted to the application of machine learning methods for
predicting oil production. Different degrees of polynomial regression were tested, and
it was also revealed that for our synthetic data, the quadratic polynomial model is quite
well trained and predicts the value of the oil recovery coefficient. An artificial neural
network with one hidden layer with optimally selected hyperparameters was built. For
the constructed neural network, the determination coefficient R2 was 0.97, which is
slightly better than the quadratic model of polynomial regression.Thus, it is assumed
that the considered machine learning methods in this article may be useful for predicting
oil production.
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