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Abstract: This paper describes testing of the INSIM-FT proxy simulation method (interwell-numerical-
simulation model improved with front-tracking method) to assess the dependencies between produc-
tion and injection wells, as well as to assess the forecast of oil/liquid production by wells depending
on their operation parameters. The paper proposes the approach of taking into account the influence
of various production enhancement operations. The method was tested on a synthetic hydrody-
namic model and on a sector of a real field. The results show a good match between historical
data and simulation results and indicate significant computational efficiency compared to classical
reservoir simulators.

Keywords: proxy modeling; ES-MDA; history matching; reservoir optimization

1. Introduction

Waterflooding of oil fields is used to displace oil with water from the formations and
maintain the formation pressure at a given level by injecting water. Water injection through
injection wells is the main and most common way to maintain reservoir pressure. In Russia
over 90% of oil fields are developed using this technology [1].

Mature oil and gas fields are characterized by a rapid increase in the water cut of
the produced liquid and a decrease in the oil flow rate. This stage is associated with
complications of the production process. The sweep efficiency and the oil recovery factor
can be improved by application of efficient waterflood systems, primarily, focal ones as
well as by changing the filtration flows [2]. Moreover, with the increase in the share of
hard-to-recover reserves under development, the task of increasing oil production rates
becomes relevant.

With the development of the oil industry, geological and hydrodynamic simulation
of hydrocarbon recovery has become one of the main tools for both predicting future
performance of the reservoir in either the long-term or short-term period and selecting a
reasonable development strategy for oil and gas fields. Moreover, it is an essential tool for
the decision-making process in field development and petroleum production optimization
where different operating conditions and actions are tested to increase productivity from
existing wells or well patterns [3].

Full-scale hydrodynamic models are usually built on poor, averaged, and roughened
geological models. Therefore, the insufficient accuracy of calculations performed on such
models is associated with a high degree of uncertainty of initial information, especially
of reservoir properties in the interwell space [4]. Moreover, to assess the efficiency of
development methods, it is necessary to be able to carry out operational multivariate
calculations. The use of three-dimensional hydrodynamic models in such cases is inefficient
due to the following reasons [5]:

1.  Long duration of the simulation;
2. Need to use large computational resources;
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3. Complexity of modifying the model when making adjustments or changing various
parameters.

The use of machine-learning algorithms or simplified models (proxy models) based
on material balance methods and various analytical dependencies is practical, making
it possible to account for the most important factors affecting the calculated properties.
Such models are less time-consuming, adapt faster to actual data, and allow for quick
calculations while maintaining the required accuracy [6]. The advantage of proxy models
is historical data are used as the input, namely, production and injection data.

It is obvious that in the development of hydrocarbon fields, interconnection and
mutual influence of all wells must be taken into account. Under reservoir pressure mainte-
nance conditions, understanding the interaction between production and injection wells,
assessing the degree of injection impact on oil production, and plotting the dependencies
of recovery on water injection plays a key role in selecting the most optimal waterflood
strategy. The use of proxy modeling makes it possible to solve the problems of accounting
for the relationship and mutual influence of all wells.

Thus, a promising area of simulation of hydrocarbon recovery is the improvement of
approaches to the creation and implementation of proxy models, as well as the development
of methods for automated optimization of the oil field development system.

One of the important stages in proxy simulation is history matching, which solves
the inverse task of hydrodynamics, i.e., the main reservoir properties (porosity, perme-
ability, net pay thickness, heterogeneity, etc.) are adjusted to fit the actual field data with
certain accuracy [7]. These algorithms are used in predicting well performance and in
redistributing the volume of injected fluid between the injection wells with minimal costs
and high payback.

Currently, one of the most common proxy modeling approaches are based on reduced-
order models, data-driven models, physics-based models, and flow-network models. These
models provide for solving problems of waterflooding optimization, identifying the effi-
ciency of injection and production, assessing the interaction of wells, forecast fluid, and oil
production in a specific period of time [8].

Reduced-order models are used to replace large reservoir models by reducing high-
fidelity simulator models or by creating new reduced-order, data-driven models [9]. There
are different model reduction techniques in the literature [10-14]. The main disadvantage
of such models is that geologic data is required.

As opposed to reduced-order models, data-driven models require no prior knowledge
of petrophysical properties or other specific geological information. Recurrent neural
networks are common data-driven models used in the petroleum industry [15,16]. Because
these are data-driven models, the accuracy of these models solely depends on the quality
of the data used for training and can be affected by data noise. Moreover, these models are
difficult to train and have pitfalls, such as overtraining, extrapolation, or lack of validation.

One example of the physics-based approach is the capacitance-resistance model (CRM),
which uses production and injection rate data and bottomhole pressure to match the
model against a particular reservoir [17-19]. CRM is analogous to electrical circuits where
the compressibility and transmissibility, respectively, are analogous to capacitance and
resistance. It is based on a model of nonlinear signal processing in which injection rates are
treated as input signals and production rates are output signals [20]. The disadvantages
of the CRM method are the productivity of each production well is considered constant
throughout the entire history of production, which is not quite correct physically in the
conditions of multiphase filtration. Moreover, the saturation distribution in this model is
not calculated, and the oil production rate is adjusted indirectly through the displacement
characteristics [17].

Flow-network models represent reservoir flow by a coupled-network model in which
each pair of wells is connected with a one-dimensional (1D) finite-difference reservoir-
simulation model. Each reservoir is defined by two parameters: absolute permeability and
pore volume. The advantages of this approach are the construction of this model does not
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require a high-fidelity geological data and that it follows the physical laws of the realistic
multiphase system. In this approach, relative permeabilities are assumed to be known. This
model uses the true relative permeability curves, which is physically correct but requires a
priori knowledge of the relative permeability curves [21].

This paper focuses on the interwell-numerical-simulation model (INSIM-FT), which
is somewhat similar to the CRM and flow-network model. In the INSIM assumptions, a
reservoir is viewed as a series of units connecting well pairs, but instead of discretizing
those connections as in the flow-network model, INSIM only defines a pair of parameters
for each connection. That is a significant reduction in the number of parameters compared
to a set of 1D finite-difference reservoir models. The model uses the correct front-tracking
procedure to calculate water saturation [22]. A more detailed description and methods
used in the work are described in the next chapters.

This article presents software implementation of the method [4] and modification
of the method to account for the influence of geological and technical measures, and on
this basis, conducts a series of numerical experiments to assess the accuracy, convergence,
and sensitivity of the method to parameterization of the historical performance of the
hydrocarbon field.

2. Model Description
2.1. INSIM-FT: Theoretical Background

The interwell-numerical-simulation model (INSIM) is used as a tool to calculate the
approximation of the well production rate under waterflooding [23]. In INSIM, the reservoir
is characterized as a rough model consisting of several interwell control units (flow tubes),
where each unit has two specific properties: conductivity, Tj;, and control pore volume, V;
(Figure 1).
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Figure 1. Schematic illustration of the pore channels network model in the INSIM model.

By solving the mass balance equation and front motion equations for each of the units,
it is possible to obtain the velocities and saturation of interwell fluids for further prediction
of the production rate. INSIM is used to adapt the model based on the available data to
estimate parameters and to determine interwell correlation and geological characteristics.
INSIM has the following advantages:

e  The model parameters estimated based on historical data provide a relative character-
istic of the reservoir properties between the wells. The model can handle changes in
flow direction caused by well flow rate changes, including well shut-in or conversion
of production wells to injection wells;

INSIM is able to calculate the oil and water flow rate and the adapted water cut data;
It can be used to optimize waterflooding but with considerably less computational effort.
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In the described model, only a two-phase flow rate (liquid oil and water) is considered,
and the conductivity, Tj;, is set as the average total permeability between the i-th and j-th
wells. INSIM-FT solves the material balance equation for the j-th well (without accounting
for capillary pressure and gravity):

2 T (8 (Pi(8) = (1)) — qi(t) = Ci(t)'Vr’ﬂ”% W

where 1y, is the total number of wells; g;;) is the flow rate of the i-th well at time, t, and is
positive for injection and negative for production; ¢;(f) is full compressibility, V), ;. If well j
is not interlinked with well i, then T;; = 0 in the equation.

The physical meaning of the above-mentioned equation is that the change in the
control pore volume due to compressibility is equal to the difference between the injection
into the volume, ij, and the production from the volume, i. The equation is a combined
pressure equation. Approximation of the equation by the implicit finite difference scheme
used in reservoir simulation gives the following expression:

At

. e Ny

e C’f.vnn. (_ (Zj:1 Tff) P L5 (Tfjpfn) * q?> @
A pi

fori=1,2,..., ny; where At, =t, —t,_1 and typ = 0. Throughput (capacity) (Tl”]) well
drainage pore volumes (V;]/ i-th) and compressibility (c};-th) may change with time.

In INSIM, similar to the pressure equation in reservoir simulation, non-linear terms are
estimated at the previous time level, that is, terms that depend on the pressure and water
saturation estimated at the moment in time, t,,_1, instead of t,,. Accordingly, in Equation
(2) it is necessary to use:

e el 171 Ml T.O./\Zi_'f1 ®
Y Lij AL
Vit = Vi (e (v =) @
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instead of Ti”j; V;Z i ¢}, respectively. Here, S, ; and S, ; are the corresponding volumes of oil
and water saturation of the well i; c,,c, and c,, respectively, represent the compressibility
of oil, water, and rock; Ay ; ; is the total mobility, which is calculated by upstream weighting.

If pi > p?‘l, then A; ; ; is replaced by the overall fluidity of the well i, A; ;. It is assumed that
the viscosity of oil and water is constant. Weighing with an upward flow means p! < p?‘lz

Al — -1 = kro (52’7’1) 4 kra (SZ?1>
= Al =

= A . o ©)
Otherwise: : )
n— n—
= (ij”i ) e (:: ) )
where 1, and pi,, are the viscosities of oil and water, respectively. As V;’;jl changes, we use
the following equation:
vk = v T (05(pi T+ 4y = p?)] (8)
We designate:
Bl = i ©)

ti pi
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GI' = EI Z;?gl Tl.’fj* (10)
Atnq”_1

M = ST (11)
t,i p,i

Then, at each step ¢, the following system of equations is solved:

Gi1 BTl e SETL\ pr\ o F
—EITY Gy4+1 .-~ —EI'TM pl n-1 M

2. 2,1 2. . 1‘ 1,10 .2 _ Pz' " .2 (12)
BT, —ET,, - Gu,+1) \pu, pit My,

where M is positive for the injection well and negative for the production well.

The system of Equation (12) can be solved for pf’_l on the assumption the necessary
saturations at t,,_1 are known. After finding p7, it is necessary to solve the ‘fractional flow’
equations to obtain the water saturation at the moment in time, ¢,,.

In Formula (12), the number of pressure equations is equal to the number of downhole
assemblies, while in traditional reservoir modeling, the number of pressure equations is
equal to the number of grid blocks. Therefore, the INSIM method requires considerably less
computational resources than 3D direct simulation of dynamic processes in the reservoir.
After the pressures are calculated, the saturation values are estimated. Further, it is easy to
calculate the flow rate between the pairs of wells, which can be used for further diagnostics
of downhole dynamics. Since the number of downhole assemblies is limited, the method-
ology may only give an approximate distribution of the formation fluid. However, the
results of the calculations to date show the saturation or pressure distributions calculated
by the INSIM model compared with historical data are sufficient to obtain a successful
production forecast.

The INSIM model was improved to become the INSIM-FT model—an interwell simu-
lation model with fluid front tracking. The key difference is the calculation of the water
cut distribution between the wells. Unlike INSIM, INSIM-FT also includes parameters that
define relative permeability power curves.

The distribution of water saturation between two wells is described by the following
form of the one-dimensional Buckley-Leverett equation [24]:

o (t
PSulnl) | Gl o o <ycpymtcrc (13)
ot ¢i,in,j ox .
krw
f(Sw) = £ (14)
Hw Ho

The curves of relative phase permeabilities are set by analytical relations. In this paper,
we used the Corey correlation:

kpw(Swn) = a-She (15)

kro(Swn) = Sn (16)
Sw - Siw

Sy = —— IO 17

" (17)

To solve Equation (13), the front-tracking method is used, which is an adaptation of
the method [25]. This method is stable and has a relatively low variance.
The general idea of the solution is as follows:

e  Each pair of wells is represented as a quasi-one-dimensional model. This model
is divided into cells in which the water cut value is set. The water cut function is
approximated as a sequence of constant values (Figure 2).
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Figure 2. Partitioning of the quasi-one-dimensional model.

e Ineach interval, the task of calculating the velocity of the shock wave cluster is solved.

Determination of the right and left boundary values of the water cut, as well as the
accuracy of the water cut determination is Sy, Swr, 6Sw

Calculation of the Rankine-Hugoniot condition is 0, = fuSg)=fo(Sur)

wl—Swr

If £1,(Swi) > Owiat > fi,(Swr), then the result is asingle shock wave.

If £1,(Swi) < fo(Swr) and fi(Swr) fu(Swr) > 0, then the result is a depression wave. It
is simulated as a sequence of shock waves connecting values S, Swr.

In other cases, a sequence of shock waves to approximate a depression wave connect-
ing values S, Sw« that follows the shock wave connecting the values Sy, Sy is used.

The value calculation, Sy, is based on the equation f},(Syx«) = W
For the calculation of the first intersections, in the x-t diagram, the calculated velocities
are straight lines with different slopes. As seen on Figure 3, the first intersections appear at

the boundaries of the primary areas.

At
(X2,12) (X1, 1)
t
O ! ) d
O Xl X2 X3 X4 X5 L
X

Figure 3. Intersections of shock wave clusters.

e The point of intersection becomes a new boundary, and it is necessary to calculate new
velocities of the shock waves in new intervals. Then, the process continues until the
time value, At, is reached.

e  Go to the calculation in the next time interval.

2.2. Model Adaptation

As the model is adapted to history, interwell conductivity and interwell volumes
are selected, as well as parameters that determine the power functions of relative phase
permeabilities used in the calculation of saturation and other parameters required for
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solving the previously mentioned equations. The complete list of parameters used in
this paper is presented in Appendix A. The INSIM-FT model itself consists of at least 14
adaptation parameters.

Adaptation parameters are distribution functions having the following parameters:
minimum value, maximum value, mean value, distribution type, and value of dispersion
parameter, o (Figure 4). During the adaptation period, the parameters variation intervals
may change. For correct calibration, it is necessary to determine the intervals of these
parameters’ variations with high accuracy.

min  mean max

0=0.2

permeability

X

Figure 4. Schematic distribution of the parameter in the model.

In adaptation, we use the ES-SMDA method [26] (smoothing assembly with multiple
data assimilation). The task of adapting historical data in matrix form looks like:

O(m) = E[g(m) - dobs]TCBl[g(m> - dohs] (18)
where Cp is the covariance matrix that adjusts the sensitivity of the model. The general
view of the matrix is as follows:

CO?)( [dl —d, } [d}alc o débs]) T 0

cale obs

Co = s 5 )
0 T COU( [d?alc B dgbs] [d?ulc B d(r)lbs})

Volumetric flow rates and water cut values are used as calculated and observed parameters.

In the task of historical data adaptation, it is necessary to minimize the discrepancy
between the observed and calculated data. The calculated data are calculated as a direct
hydrodynamic task based on the model parameters (capacity, drainage pores volumes,
compressibility, etc.). At the same time, it is necessary to periodically check and adjust the
model parameters for compliance with historical information. The model parameters are
restored from the inverse optimization problem, reducing the error with the observed data,
according to the following formula:

mj = m]P + [CMD(CDD + “iCD)_l} (duc - df) (20)

1
—=1,i=1...N 21
L= e

E
I

i=1
The time interval of using the historical and calculated data is called the data assimila-
tion step N.
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2.3. Forecast of Oil and Liquid Flow Rate
The flow rate forecast is based on the Dupuis formula:
27tkh(Py — P,
Q, = ( k C) (22)

yln%

where k is the permeability coefficient; h—reservoir capacity; P and P.—pressure on the
feed loop and in the well, respectively; Ry and R.—the radii of the feed loop and the
well, respectively; y—the fluid viscosity; Q,—well flow rate. Assume all parameters are
constants except for the pressure difference. Then, the Dupuis formula can be rewritten
as follows:

Q

T="ap
where AP is pressure differential, Q—the flow rate, 7—productivity index.

Then, the task of forecasting the flow rate is reduced to finding the productivity index
based on the known values of the flow rate and pressure difference. To solve the problem,
it is proposed to use the linear regression method.

Knowing the pressure, it is possible to predict the flow rate. Figure 5 shows the forecast
results: the blue curve is the initial flow rate; yellow is the initial pressure; the red section of
the pressure curve is the time interval, the points of which were used to plot the regression;
the green curve is the forecasted flow rate for the entire interval.

(23)

250
= Initial flow rate
Initial bottom-hole pressure
200 = Train data
= Forecast
150
o
100
\ L \
50 Mﬁﬂwx. : uﬂ ﬂr\“‘“ -
e Ad i
n f L‘\-w-ﬂ(g "“"Wi"“? e 4? W“f\r
0
0 500 1000 1500 2000

Time

Figure 5. Forecast results.

3. Testing the Method on Synthetic Test Data

The main purpose of this section is to verify the correctness of the model adaptation
on synthetic data. In this paper, a hydrodynamic model in tNavigator format was used.
It represents a sector with geomechanical and filtration-capacitive properties. To assess
the quality of adaptation on synthetic data, four production and three injection wells were
added to the model, and calculations were performed with a period of 25 years.

Figure 6 shows the distribution of water saturation in the field, as well as the layout of
production and injection wells.
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Figure 6. Hydrodynamic model of the field (red vertical lines—production wells, blue—injection wells).

Below are the results of the developed INSIM-FT prototype (Figures 7 and 8).

4 ®
® / ®
/r
/@ ’/
/ ®
/// I
/ ®
\
\ ®
® \ -
®

Figure 7. Displaying the field map in the INSIM-FT prototype. The studied production wells 1 and 4
are marked with a red rectangle.

050
~ Calculated water-cut r ~— Calculated water-cut _,J

0a
~ Real water-cut ~ Real water-cut

03

02

o1

Average error 9.23% Average error 17.51%
Maximum error 28.21% om0 Maximum error ~ 43.18%
w0
2024 2029 2034 2039 2044 2024 2029 2034 2039 2044
Well1 Well4

Figure 8. Approbation of the model on synthetic data.

The fluid flow rate and water cut were adapted using synthetic data for the time
period from 2020 to 2045. Based on the results of the adaptation, it can be concluded the
fluid flow rate is reproduced well, and the water cut is reproduced satisfactorily.
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To improve the results of water cut adaptation at well-4, sensitivity analysis was
carried out to the number of assimilation steps (Figure 9).

160
140

r, %

100

(0]

80 Optimal value

Average err
o~
e}

1 4 14 15 16
Number of data assimilation steps
B | jquid flow rate Water cut

Figure 9. Analysis of the forecast sensitivity to the number of assimilation steps.

It was determined that the number of assimilation steps significantly affects the final result.
Increasing the number of steps to 16 reduced the average error from 17.51% to 11.65%.

It should also be noted that using the approach described in the article [27], the
adaptation rate directly depends on the number of assimilation steps. The increase in speed
is due to the decrease in the number of data assimilation steps since it is multiplied by the
sum of the reciprocal values of the MDA coefficients. Thus, it is necessary to select such a
number of assimilation steps that will maintain the quality of adaptation at the required
level but with minimal adaptation time. These algorithms require a more detailed study.

4. Methods of Accounting for Geological and Technical Measures
4.1. Hydraulic Fracturing

For the INSIM-FT model, we proposed the following solution: according to the
source [27], during the injection of water into the injection well, as well as during the forma-
tion and propagation of cracks, hydraulic auto-fracturing takes place due to several factors:

e  Equality of pressure in the injection well and horizontal stress, which can cause the
formation of a developed pattern of cracks causing a high rate of pressure drop of the
injection fluid;

Change in effective horizontal stress due to temperature change at the bottomhole;
Change in effective horizontal stresses due to changes in pore pressure;

Stress contrast in the rock between different geological layers (clays and sandstones);
Difference between vertical and horizontal stresses (the stress anisotropy coefficient is
higher than 1.15).

It is assumed that during the hydraulic fracturing procedure or the occurrence of
auto-fracturing, there is a sharp increase in the absolute permeability parameter k, i, j of
the flow tube. However, over time, the parameter should return to the “shelf” (due to
natural contamination of the bottom hole zone). That is, it is necessary to multiply it by a
time-dependent monotonically decreasing function. The possible form of the additional
function will be exponential, and the following parameters may be present in the exponent
index:

Borehole radius across the bit;

Effective well radius;

Reservoir permeability;

Fluid viscosity;

Geometric characteristics of the producing reservoir;
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The following type of additional function is proposed as the first approximation:

sty ¢ (24)

g(s,t)y=a-e
where 4, b, c are adaptable parameters that depend on the type of geological and technical
measures performed, s is skin factor, which is expressed by dependence s = In (%) , 1 is the
wellbore radius across the bit, and R is the effective radius of the wellbore.
An illustration of this dependence is shown in Figure 10.

A

>
=

o)

g Before Plateau
&

| -

& I

Workover
>
Time

Figure 10. Effect of geological and technical measures on the hydraulic conductivity of the flow tube.

Thus, it is necessary to create a correspondence table “type of geological and technical
measures”—adaptable coefficients 4, b, c.

In the case of hydraulic fracturing and hydraulic auto-fracturing, it is possible to
consider the formula for the skin factor, which takes into account the dimensionless con-
ductivity of the fracture, Crp, the value depending on the difference in permeability of the
proppant and the formation:

kf ‘% (25)

Crp = 17 X
where k; is proppant permeability (mD), k is formation permeability (mD), w is fracture
width (m), xy is the crack half-length (m).

The skin factor is calculated according to the following algorithm.

e Option 1:
Crp = kox; (26)
*f
Tef = Tw + 101 (27)
2(1 + (Cl—?) )
5= —ln<:’ff> (28)
w
e Option 2:
Crp = kx; (29)

u=In(Crp) (30)
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fo 1.65 —0.328 - u +0.116 - 1
~ 140.18- 1+ 0.064 - u? + 0.005 - u3

Tw
S =f+ln<xf> (32)

(31)

4.2. Hydraulic Auto-Fracturing

Assume that auto-fracturing occurs when the injection pressure exceeds the sum of
the formation pressure and horizontal stress of the formation:

thr > Pform + Ohor (33)

The horizontal rock stress can be expressed through the vertical stress as follows:

1 1
Ohor = (3 - 2)‘7vert (34)

In turn, vertical intensity is related to geostatic pressure:
Poeost = Pform + Overt (35)

Therefore:
Overt = Pgeost — Pform (36)

Geostatic pressure is calculated according to the following relationship:

Pgeost = PprockgH (37)

The correction introduced during hydraulic auto-fracturing has the same structure as
in the case of hydraulic fracturing, but the point in time when this multiplicative additive
is introduced is determined by the condition recorded above.

The next step was to regulate the multiplicative additive: setting the exponent degree,
amplitude, and shift. As the first approximation, it is proposed to determine these parame-
ters manually for each type of geological and technical measures. In the INSIM-FT code,
these values were used as averages, after which they are edited and adapted.

5. Testing the Model on Real Data While Accounting for the Geological and
Technical Measures

Initially, calculations in the INSIM-FT model are carried out without accounting for
geological and technical measures. As mentioned in the previous paragraph, it is necessary
to introduce a multiplicative exponential additive, which, in fact, shows the pollution of the
bottomhole zone and decrease in water saturation. Figure 11 shows an illustration of the
real field sector. The wells for which the adjustment for geological and technical measures
have been introduced are shown in red.

Let us compare the influence of geological and technical measures on the calculation
of water cut. Let us consider two cases: neutral and positive effect of the amendment. The
results are presented below (Figures 12 and 13).

Despite a correction introduced on well 1 (hydraulic fracturing was performed on it),
the algorithm could not significantly reduce the error. This is probably due to the mutual
influence of various types of geological and technical measures. It may be necessary to
introduce additional corrections. Adaptation of water cut accounting for the geological and
technical measures at well 2 yielded a positive effect. It is clear to the naked eye (Figure 13)
that the calculated curve significantly approached the actual one and repeated its shape,
accounting for the features.
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Figure 11. Illustration of the field sector where the geological and technical measures effect was

tested. Production wells 1 and 2 are in red rectangles.
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Figure 12. Comparison of water saturation adaptation for well 1 (on the left—without accounting for

geological and technical measures, on the right—accounting for geological and technical measures).
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Figure 13. Comparison of water saturation adaptation for well 2 (on the left—without accounting for

geological and technical measures, on the right—accounting for geological and technical measures).
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Calculations have demonstrated the efficiency of this approach. Further, a software
realization of the algorithm is required, which will take into account all types of geological
and technical measures according to the input parameters. It is also necessary to create a
library of multiplicative correction parameters for various types of geological and technical
measures or to select coefficients in automatic mode.

6. Discussion

Our results showed the introduction of the geological and technical measures into the
approach described in the paper allows in several cases to significantly increase the design
parameters approximation accuracy. We associate the partial low sensitivity of the solution
to corrections for geological and technical measures with insufficient knowledge and
elaboration of the parameterization of certain types of geological and technical measures.
It is necessary to carry out a complex analysis of the mutual influence of various types of
geological and technical measures and analysis of certain geological and technical measure
zones of influence.

The choice of assembly and assimilation parameters, such as: expectation, dispersion,
number of iterations of the ES-MDA algorithm, and assembly size, plays a key role for fine
settings the model and predictive calculations. The search for balance between computa-
tional costs and procedure for approximating historical indicators makes it possible to find
sufficiently accurate and computationally efficient approaches to assessing the operating
parameters of the hydrocarbon field.

The results of the experiments along with the high computational efficiency of the
method showed good potential for parallel implementations since the operations of mul-
tithreaded computations on the CPU were used in the paper; it is reasonable to further
implement the method for GpGPU platforms using low-level languages, for example, C
++. It is also necessary to carefully consider the choice of a framework for the implementa-
tion of calculations on graphic cards; the largest modern vendors of graphic equipment
created software solutions only for their “hardware” components without the support of
competitors” hardware and software.

The authors of the paper are convinced that the presented approach has rich oppor-
tunities for “tuning”, for example, building proxy connections of wells based on more
advanced algorithms, Voronoi diagrams, PEBI grids, etc., using optimized solvers or more
efficiently solving differential equations and SLAEs computational approaches.

7. Conclusions

The method of the field hydrodynamic model based on the data-driven (setting to
historical data) approach and the proxy model of fluid migration dynamic processes
in hydrocarbon reservoir was implemented. Based on efficient averaging of reservoir
hydrodynamic parameters for a finite set of production and injection wells, the method
shows significant computational efficiency compared to classical reservoir simulators
(Eclipse, tNavigator). The proposed additional adaptation of the model to the geological
and technical measures parameters has shown its efficiency in predicting the operating
conditions of the hydrocarbon field.

The use of multithreaded calculation technologies made it possible to significantly
reduce the simulation time for a particular case; in the future, it is planned to transfer
the algorithm to the GpGPU platform, which, according to preliminary experiments, will
increase the performance by at least an order of magnitude.

For the correct settings of water saturation and reservoir pressures, it is necessary to
fine-tune the model parameters: selection of the optimal interval of parameter variation,
selection of the parameter distribution function, selection of the initial geological and
technical measures adaptation coefficients while considering the interference of different
types of geological and technical measures.



Energies 2023, 16, 1648 15 of 16

Author Contributions: M.O.—investigation, writing—original draft preparation; E.L.—investigation,
writing—original draft preparation; A.C.—writing—original draft preparation, writing—review
and editing, conceptualization; S.F— writing—review and editing; R.K.—formal analysis, writing—
original draft preparation; E.U.—methodology, resources; V.U.—resources, supervision; D.T.—concep-
tualization, writing—review and editing; N.K.—writing—review and editing. All authors have read
and agreed to the published version of the manuscript.

Funding: The research was carried out in accordance with the FSUS-2022-0020 project.
Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A

Table Al. List of adaptation parameters.

Parameter Symbol Units
Initial reservoir pressure P Pa
Qil viscosity Mo Pa-s
Water viscosity Hw Pa-s
Rock compressibility cr Pa’!
Water compressibility Cw Pal
Oil compressibility Co Pa—!
Residual water saturation Siw fraction
Residual oil saturation Sro fraction
Parameter in Corey correlation Ny
Parameter in Corey correlation o
Parameter in Corey correlation o
Porosity of flow-tube ?ij fraction
Permeability of flow-tube k;j mD
Cross-section area of flow-tube Ajj m?
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