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Abstract: This work is devoted to the study and solution of the problems of modeling
complex objects on the example of the atmospheric block of the primary oil refining
unit, associated with the deficit and fuzziness of the necessary initial information. Since
many real technological objects of oil refining and other industries are often characterized
by a deficit and fuzziness of the necessary information for their study, modeling, and
optimization, this work allows solving an urgent scientific and practical problem. An
effective method has been proposed that allows, based on a system approach, expert
assessment methods, theories of fuzzy sets, and available information of various natures
to develop hybrid models of complex objects in conditions of deficiency and fuzzy initial
information. Based on the proposed hybrid method and available statistical and fuzzy
information, effective hybrid models of atmospheric block columns of the primary oil
refining unit were developed. In this case, statistical models were developed based on
experimental and statistical data. With crisp input, mode parameters, and fuzzy output
parameters, atmospheric block fuzzy models based on the proposed method, determining
the quality of the manufactured products, were developed. Moreover, with the fuzzy
input, mode, and output parameters of the atmospheric block columns, linguistic models
based on the methods of expert assessments, logical rules of conditional inference, and the
proposed method, assessing the quality of the produced gasoline, were developed. The
linguistic models developed in Fuzzy Logic Toolbox allow for the assessment of the quality
of gasoline from the atmospheric block depending on the content of chloride salts and
the mass fraction of sulfur in the raw material. The results obtained using the proposed
modeling method show their advantages in comparison with known modeling methods.

Keywords: technological systems; hybrid model development method; fuzzy information;
atmospheric vacuum block; sulfur production section; decision maker; rule base

1. Introduction

Technological processes of primary processing of oil, sulfur production, and other
processes of oil refining, petrochemistry, and other industries take place in complex tech-
nological systems (TS), consisting of interconnected units [1-3]. The main interconnected
aggregates of the atmospheric block of the primary oil refining unit include the oil stripping
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rectification column and the atmospheric column. The products of the atmospheric block of
the primary oil refining unit are straight-run gasoline (initial boiling point fraction (IBP)—
180 °C); diesel fuel (fraction 180-350 °C); fuel oil (fraction above 350 °C); and hydrocarbon
gas (C1-C4), obtained from crude oil [4,5]. In the process of researching and modeling such
complex objects, problems of uncertainty arise due to the deficit and fuzziness of the initial
information for the development of models. The proposed work is aimed at researching
and solving these problems of modeling complex objects using the example of atmospheric
block columns.

To create a decision support system for managing primary oil refining and sulfur
production processes and selecting an effective operating mode for the TS in which they
occur, it is necessary to develop a set of effective models of their main aggregates. For
example, for the atmospheric block of the primary oil refining unit, it is necessary to develop
a set of models of the main columns: the rectification column C-1 and the atmospheric
column C-2. In practice, the development of mathematical models of these columns is
complicated by the shortage and fuzziness of the initial information necessary for creating
their models [6]. In production conditions, it is very difficult or impossible to determine
the fractional composition of the processed oil, the values of some important input, and the
operating parameters of the specified columns, which affect their output parameters using
measuring instruments.

In production, such quantitatively difficult-to-describe objects are often well managed
by the operator—the decision-maker (DM), who manages it based on their experience,
knowledge, and intuition. Their experience, knowledge, and intuition are expressed in
natural language as fuzzy information. Based on expert assessment methods and fuzzy
set theories, it is possible to collect, formalize, and use such fuzzy information in order to
describe the operating modes of fuzzy-described objects and develop their models. In this
regard, at present, the issues of developing adequate models of complex, quantitatively
difficult-to-describe objects, such as C-1 and C-2, characterized by a shortage and fuzziness
of the initial information, is a relevant scientific and practical problem. In this study, for
an effective solution to this problem in conditions of shortage and fuzziness of the initial
information, an approach is proposed based on the use of available statistical and fuzzy
information from DMs and subject matter expert specialists.

Let us present the results of the analysis of works on the research topic, devoted to
the issues of development of models of complex, production objects and technological
processes. In research works [7-20], various approaches to the development of models
and modeling of technological objects in various conditions are proposed, including the
use of fuzzy information. In particular, in studies under the supervision of Kafarov [7,8],
Guseinov [9], Zhorov [10], and Zahedi [11], deterministic models of the main processes of
various industries, occurring in technological units, were developed based on theoretical
information and the kinetics of processes. The advantage of the deterministic models
of typical units and processes of various industries proposed in these studies is their
universality and theoretical validity since they are developed on the basis of fundamental
laws of nature (conservation of mass and energy, etc.). The disadvantage of deterministic
models for complex technological objects, such as the studied columns C-1 and C-2, is
the impossible or very complex development, which, ultimately, becomes economically
inexpedient. This is due to the fact that such complex objects are characterized by a shortage
and/or lack of the necessary theoretical information for the development of deterministic
models; moreover, they are characterized by the fuzziness of the initial information. At
the same time, the adoption of various assumptions and the idealization of the operating
conditions of complex objects for the development of deterministic models with a shortage,
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and fuzziness of the initial information leads to the receipt of inadequate, unsuitable models
for practical application.

In the works of Bequette, Wen, Freedman, Douglas, Zhuang, and others [12-16],
statistical approaches to the development and modeling of various objects are investigated.
The proposed statistical models are suitable for modeling and optimizing the operating
modes of complex objects for which it is impossible to develop deterministic models. The
identification of such models is based on reliable statistical data on the condition and
operation of objects. For this purpose, it is necessary to conduct multiple experiments
to collect and process statistical data. But, for objects characterized by fuzziness, such
as atmospheric block columns, for which it is impossible to measure some important
parameters necessary for developing their models, the statistical approach is not applicable.

In practice, even with the theoretical possibility of collecting and processing the neces-
sary statistical information, in production conditions, this may prove to be economically
inexpedient and unprofitable. In these situations, it is necessary to develop mathematical
models of production objects using available fuzzy information.

We first briefly review the methods and tools of Simulink 9.3 and Modelica 3.4, spe-
cially developed for the construction and study of complex multiphysical dynamic systems,
which are used for physical modeling and simulation. Simulink is a signal flow-based mod-
eling and simulation environment developed by MathWorks as a toolkit for the MATLAB
system R2018b. Simulink is currently accepted as a standard for modeling and simulating
controllers and systems based on signals of all types [17,18]. Modelica is an equation-based
modeling language for physical systems, developed as an open-source language by the
Modelica Association and used in a variety of modeling programs. The most well-known
commercial programs using Modelica are Dymola, SimulationX, Wolfram SystemMod-
eler, Modelon Impact, and MapleSim. OpenModelica is also a fairly mature open-source
alternative [19,20].

Simulink and Modelica can be used to model and simulate dynamic systems described
by differential-algebraic systems of equations. Simulink is implemented in the Matlab
system and Modelica—in a suitable development environment such as Dymola. They
have a graphical user interface in which complex systems can be modeled as a network of
individual interconnected components, which increases the clarity and convenience for the
user when modeling complex systems [21].

The authors of [22-25] investigated and proposed approaches to the development
of models and control of objects based on them in conditions where some parts of the
initial information are fuzzy, based on the application of expert assessment methods and
fuzzy set theories. The proposed approaches to the development of models based on a set
of a-level allow the development of fuzzy models with crisp values of the input, mode
parameters, and fuzzy values of the output parameters of the object. But in these and other
studies of model development based on fuzzy information, the problems of developing
linguistic models under conditions of fuzzy input, mode, and output parameters of the
object have not been investigated and solved. In addition, the analyzed and other studies
on model development have not investigated the problems of developing a complex of
interconnected process unit models, such as the C-1 and C-2 atmospheric block columns.
This became the main motivation for this study. In this regard, the aim of the study is to
create an effective method for developing hybrid models of complex objects such as the
atmospheric block columns of the primary oil refining unit. Based on the proposed method,
it is necessary to develop effective models of atmospheric block columns based on available
statistical data and fuzzy information from subject area experts and specialists representing
their knowledge, experience, and intuition.
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Today, more effective modeling methods have become deep learning methods based
on multilayer neural networks, which is a promising direction for artificial intelligence
methods [26,27]. Deep learning methods are already successfully used for modeling and
solving problems of pattern and speech recognition [28,29] in medicine [30], in indus-
try [31,32], and in other areas. Deep learning methods have great potential in developing
and training models used in oil refining process facilities. In this study, the authors used a
systematic approach to develop a system of models of the main units of the atmospheric
block of the primary oil refining unit under conditions of a deficit and fuzzy initial informa-
tion. The proposed hybrid modeling method is based on the use of available statistical and
fuzzy information based on experimental-statistical methods, expert assessment methods,
and fuzzy set theories. In future studies, the authors plan to explore the possibility of using
deep learning to develop models of oil refining facilities.

The performance advantages of the proposed hybrid approach to modeling technolog-
ical objects based on statistical methods, expert assessment methods, and fuzzy set theories
compared to other known fuzzy object models [23-25] are:

- the possibilities of the proposed system method to develop effective models of complex
production facilities based on available statistical and fuzzy information;

- by usingadditional fuzzy information from subject area expert specialists, representing
their knowledge, experience, and intuition, the proposed approach allows for the
synthesis of more adequate models of complex production facilities in the presence of
a shortage and fuzzy initial information;

- the combined use of experimental-statistical methods, expert assessment methods, and
fuzzy logic allows the effect of synergy and the emergence of the system of methods
used to be achieved.

To achieve the stated goal, the following research tasks are solved in the work:

- development of a method for synthesizing a set of statistical, fuzzy, and linguistic
models of interconnected objects of complex systems based on available statistical and
fuzzy information;

- on the basis of the proposed method to develop hybrid models of atmospheric block
columns of the primary oil refining unit based on available experimental-statistical and
fuzzy information from experts in the subject area. In this case, experimental-statistical
data should be collected and processed based on active, and passive experiments and
methods of mathematical statistics, as well as for the collection and processing of
fuzzy information—methods of expert assessments and theories of fuzzy sets;

- to synthesize linguistic models for assessing the quality of gasoline from the atmo-
spheric block outlet based on the proposed method, fuzzy information from experts,
and the Fuzzy Logic Toolbox of the MATLAB system R2018b;

- to compare the obtained results of modeling the atmospheric block operating modes
with known results and describe the advantages of the proposed hybrid approach to
the development of models and modeling.

To solve the problems of developing models of fuzzy objects, in contrast to known
approaches, we use a different approach based on methods of system analysis, expert
assessments, and theories of fuzzy sets, which allow for the development of more effective
models of objects in a fuzzy environment. The proposed method allows the development
of more adequate models due to the maximum use of fuzzy information in the form of
experience, knowledge, and intuition of DM and subject matter experts.

It is known that system analysis is used when the problem is difficult to formalize
and involves a combination of many different formal and informal methods that may be
contradictory. Thus, in the developed hybrid model, in general, the presence of determin-
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istic models based on theoretical information and physical modeling is natural. But, in
our case, physical modeling of the units of the rectification column C-1 and atmospheric
column C-2 of the atmospheric block under study is very complex and impractical, and
the required amount of theoretical information is missing [1,4,6,8]. Taking this difficulty
into account, in addition to deterministic models, the hybrid model being created includes
statistical, fuzzy, and linguistic models, which are developed on the basis of available and
collected statistical data and fuzzy information from experts. Additional fuzzy information
was obtained on the basis of expert assessment methods and processed using fuzzy set
theory methods, which made it possible to build a meaningful and highly adequate model.

2. Object, Materials, and Methods

The object of the study is the C-1 and C-2 columns of the atmospheric block of the
EDP-AT-2 Atyrau refinery primary oil refining unit, which is characterized by fuzzy initial
information. The materials of the study are the process flow diagrams, description, and
process regulations for the operation of the atmospheric block of the Atyrau refinery
primary oil refining unit [4], as well as statistical data and fuzzy information about the state
and modes of its operation. Figure 1 shows the process flow diagram of the atmospheric
block, isolated from the general diagram of the EDP-AT-2 Atyrau refinery unit.

Wet gas

Gasoline fraction<180°C

To stabilization column

Fr.160—220°C

Superheated steam
Fr. 220—280°C

Desalted
— = Superheated steam
oil Fr.280—350°C

Hot jet +«—— Superheated steam

Fuel oil fraction >350°C

Fuel oil fraction>350°C_

To the vakuum block
Figure 1. Process flow diagram of Atyrau refinery atmospheric block.

The feedstock of the atmospheric block of the primary oil refining unit is desalted
oil from the EDP block. The feedstock heated to a temperature of 160-220 °C enters the
rectification column C-1, where partial stripping and degassing occurs. The condensate of
light fractions of gasoline is removed from the unit. The semi-stripped oil from the bottom
of C-1is heated in furnaces F-1 and F-2 to 360-385 °C and, in the vapor-liquid phase, enters
the atmospheric column C-2. In column C-2, the oil is separated into different fractions
due to the different temperature conditions at the levels of the column. From the top of the
C-2 column, the mixture of gasoline, gas, and water vapor is sent via a slam line through
condensers to the E-2 gas—water separator, where it is separated into gas, gasoline, and
water. After cooling, the gas—gasoline-water mixture is sent via a bypass to the E-1 tank.
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The gas from the E-2 gas—water separator enters the gas separator, from where the gas is
sent to the fuel network.

To improve the stripping of light fractions, live steam is fed into the cube of column
C-2, which is preheated in furnace F-1. To select narrow fractions of 180-220, 220-280,
and 280-350 °C, their overflows into stripping columns K-3, K-4, and K-5, are provided,
respectively, from which, after cooling, these fractions are removed from the unit. Fuel oil
(fraction > 350) from the bottom of column C-2 is removed from the AT block.

The Flow diagram shown in Figure 1 is adapted for the atmospheric block of the
Atyrau refinery primary oil refining unit and shows the processes of primary oil refining
and production of different fractions of petroleum products. The graphical approach to
optimization proposed in the work is used [33].

When developing mathematical models of interconnected columns C-1 and C-2 of the
atmospheric block, due to the fuzziness of the requirements for the quality indicators of
feedstock and product (gasoline) of the type “no more than” and “no higher” presented
by the standard, problems arise in synthesizing their models. For example, the following
basic fuzzy requirements are presented to the quality indicators of the feedstock of the
atmospheric block according to the standard CT TOO 40319154-07-2008 [1]: content of
chloride salts, mg/1 “no more than 4”; mass fraction of sulfur, %, no more than 0.8”.

Moreover, for types of gasoline from the atmospheric block outlet, according to CT
TOO 40319154-13-2018, the following basic fuzzy requirements are imposed: end boiling
point, °C, “not higher than 205”; residue and losses, %, “not more than 4.0”.

Models for determining the volume of gasoline from the outlet of the atmospheric
block depending on the input and operating parameters can be developed based on the
experimental-statistical approach. And, to take into account the requirements for the
quality indicators of gasoline, it is necessary to develop linguistic models that take into
account the requirements of fuzzy constraints. In this regard, the methods used in devel-
oping models of interconnected columns C-1 and C-2 are statistical methods [13-16,34,35],
methods of system analysis [36,37], methods of expert assessments, and theories of fuzzy
sets [22,23,38—44].

Figure 2 shows flowcharts illustrating the processes of collecting data information
and processing them, as well as developing, training, and testing the developed models
for adequacy. Based on the flowcharts provided, we describe more detailed step-by-step
instructions, including specific details of data collection, preliminary processing, model
training, and validation.

In blocks (1)—-(3), the processes of measurement, collection, and processing of statistical
data on the operating modes of the objects of study are implemented. Data collection is
carried out using appropriate measuring devices, and active experiments are carried out to
collect the missing data based on the methods of mathematical planning of experiments.
Methods of mathematical statistics and probability theory are used to process the collected
statistical data.

In blocks (1)-(3), the processes of measurement, collection, and processing of statistical
data on the operating modes of the objects of study are implemented. Data collection was
carried out using appropriate measuring devices, and active experiments were carried out
to collect the missing data based on the methods of mathematical planning of experiments.

In block (3), statistical models of a polynomial type are developed, the structure of
which is identified on the basis of the method of sequential inclusion of regressors, and
unknown parameters are identified on the basis of the modified least squares method.
In parametric identification of models, the REGRESS software package 3.1 or MATLAB
R2018b Curve Fitting Tool applications can be used, in which the least squares method is
implemented programmatically.
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In blocks (4)—(6), the processes of collecting fuzzy information from experts on fuzzy-
described parameters characterizing the quality indicators of gasoline produced in the
atmospheric block are implemented. In block (5), the collection of fuzzy information
was carried out on the basis of expert assessment methods, which are then processed by
methods of fuzzy set theories.

In block (6), based on the «-level set with crisp input and fuzzy output parameters
of the object, linguistic models of the object are synthesized. If both the input and output
parameters of the object are fuzzy, then, in block (6), based on the logical rules of conditional
inference of the production model of knowledge representation, linguistic models of the
object are synthesized. The resulting linguistic models describe the dependence of the
quality of gasoline from the output of the atmospheric block (output parameter) on the
fuzzy-described content of chloride salts and the mass fraction of sulfur in the raw material
of the atmospheric column (input parameters).

In block (7), the adequacy of the developed statistical, fuzzy, and linguistic models is
checked, and their validations are carried out. If the adequacy of the models is sufficient,
then the obtained models are derived, and they are implemented in the form of programs
for computer modeling and optimization of the operating modes of the atmospheric block
(block (9)). If the adequacy of the models is lower than required, then training of the models
is carried out and low adequacy is eliminated to increase the adequacy of the developed
models. The cycles covering the processes in blocks (7) and (8) are repeated until the
required level of adequacy of the developed models is achieved.

4
Measurement and collection of . - Collection of fuzzy
statistical data on the operating |~/ g \\\ information on gasoline
modes of columns C-1, C-2 of A [ F, quality based on expert
. | — \
the atmosphericblock (8 &l | assessment methods
2 B i ny llected dat © (/ "'\)/ 5 : !
rocessing of collected data FYRNE ¥ 2 o
based on methods of \i_/ a! o Processxflg and f°. o
e G sl = 2 of fuzzy information based on
probability theory 6 o methods of fuzzy set theory
5
3 S 7 A €*’ ‘
Development of statistical and 6 Synthesis of fuzzy and
mathematical models based on >a linguistic models based on
experimental statistical - v expert assessment methods and
methods - fuzzy sets
ho Are the models
* adequate? I
8 Training models and ensuring 9 Derivation and use of the
Hos a}*:;l““y e ““iel:eat?d' obtained hybrid models for
SR ,.fu.zzy el GEEIE computer modeling and
models, eliminating the causes optimization of operating
otlowiadequacy, modes of columns C-1, C-2 of
the atmosphericblock

Y

Figure 2. Flowcharts of processes of collection, data, information and their processing, development,
and testing of developed models for adequacy.

In this paper, we propose a hybrid method for developing statistical, fuzzy, and
linguistic models of complex objects characterized by a shortage and fuzziness of the
initial information. The proposed method is based on the methodology of system analysis,
experimental-statistical methods, as well as methods of expert assessments and theories
of fuzzy sets, and it is used to develop models of columns C-1 and C-2 of the atmo-
spheric block.
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Method for Developing a Set of Statistical, Fuzzy, and Linguistic Models of Interconnected
Aggregates Based on Available Statistical and Fuzzy Information

The proposed method consists of the following main points.

1. Based on system analysis, collect and process available statistical x;, i =1,...,1n
and fuzzy ;i, i =n1 +1,...,ninformation about the operating modes of interconnected
objects of the technological system that affect the output parameters that characterize the
quality of the object. Here and below, i—the index of input, mode parameters, n;—the
number of crisp input parameters, and n—the number of fuzzy input mode parameters of
the modeled object. The output parameters of the object can also be crispy;, j=1,...,m
and fuzzy g]., j=mi+1,...,massessed by DM and experts. Here and below, j—the index
of output parameters, m1—the number of crisp output parameters, and m—the number of
fuzzy output parameters of the modeled object

2. Generate criteria fi, k = 1, ... K for selecting an effective type of model for each ob-
ject of the technological complex, where k—criteria index, and K—total number of criteria.

3. For each object of the technological complex, based on the nature of the available
initial information and the selection criteria fi, k = 1,...K, using expert assessment
methods to determine the effective type of the model being developed.

4. If the initial reliable statistical information for an object is sufficient and, based on
the results of expert assessment, the statistical model is preferable, then a statistical model is
developed for this object based on the experimental statistical method. In general, the struc-
ture of the statistical model is defined as: y; = f]-(ao, A1, Any, X100, X0y ), | = 1,...,my,
where ay, ..., a,,— identifiable model parameters. Then, to check the adequacy of the
resulting model, go to point 14. Otherwise, go to the next point, point 5.

5. If the input and operating parameters of the object are crisp, and the output
parameters are fuzzy, then, for it, based on the methods of expert assessment and the
theory of fuzzy sets, go to point 15 to develop fuzzy models. If both the input operating
parameters and the output parameters of the object are fuzzy, go to the next point to
develop its linguistic variables.

6. Input and output fuzzy parameters of an object are described by linguistic variables
;,- S Zi, gj S gj,i =m+1,...,n, j =m +1,...,m where ;li, E]-—fuzzy subsets of
universes X and Y.

7. Terms describing changes in linguistic variables are defined, and member-
ship functions are constructed for them based on expert assessment methods y% (;i),

1

i=m + 1,...,n,yfE (¥, j=m+1,...,m
j

8. A fuzzy mapping INQ,'j is constructed, defining the relationships between the fuzzy

input x; and output 5]. linguistic variables. For convenient calculation of R;;, they are

ijis
presented as a matrix of relationships using the membership function:

~

P‘ﬁﬁ(;i/ ?]) _min[ﬂgi@i)r}igi(g}')]/i_n1+1,--.,n,j— mi+1,...,m. (1)

The motivation for choosing Formula (1) when defining the fuzzy mapping was the
well-known compositional rule of inference of fuzzy set theories, which is modified in this
paper to solve the problem of synthesizing linguistic models. In Formula (1) min—means
the operation of the intersection of the membership function of the input and output fuzzy
parameters of the object, i.e., yzi (x;), ;45]_ (% ). Thus, according to the given expression (1),

the membership function of the fuzzy mapping P (x;, ?]‘ ) is determined according to the
ij
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well-known rule of fuzzy set theory as the minimum value of the membership function of
the input and output fuzzy parameters of the modeled object.

9. Based on the logical rule of inference, the structure of linguistic models of an object
with fuzzy input and output parameters is generally synthesized with the involvement of
DMs and experts in the form:

~ ~ ~ ~ ~ ~M
IF x4, 11 € A1 AN X2 € A2, ..., Axy € Ay THEN Y €Bjj=m+1,...,m, (2)

where A—logical “and” meaning all statements are true; JJM, j=m+1,...,m—fuzzy
values of output parameters determined on the basis of the model.

To implement fuzzy rules (2), which are linguistic models, a production model of
knowledge representation is used, since it is created on the basis of fuzzy expert infor-
mation [39,40]. These linguistic models evaluate the influence of input and operational
fuzzy parameters of an object in a fuzzy environment x;, i = 1,...,7n on its fuzzy output

parameter yj J=mp+1,...,m.

10. Based on the compositional rule of inference of fuzzy set theories, fuzzy values
of the output parameter of an object are determined: B = ZiOIN{,‘j. For ease of application
of this rule, the fuzzy values of the output parameters of an object based on the maximin
product are determined by the membership function:

3 (v;) = max{znin {yzi (Zf),ulgi (¥, v )] } &)

x;eX

where x’—fuzzy values of input parameters estimated by experts. Then, the current
~X ~
values of input parameters can be determined by the formula P (x;) = maxpi (xi),

i.e., as a set in which the values of the mode parameters have the maximum Values of the
membership function.

11. Based on expression (3), the numerical values of the output parameters of the object
yjl are determined as the argument of the maximum membership value, i.e., according to
the formula:

M ~k
y)" = asgmax(5; ). @
Yj

To check the adequacy of the synthesized linguistic model, go to point 14.

12. Fuzzy models are synthesized for an object with crisp input and fuzzy output
parameters. The structure of fuzzy models based on the idea of the method of sequential
inclusion of regressors can be identified as:

n N

a0]+2a1]x1]+22a1k]x1]xk] =1,...,n1, j=m+1,...,m, (5)
i=1k=i

where Zioj, ;ik]«—unknown fuzzy parameters (regression coefficients) that need to be identi-
fied. The first sum constitutes the linear part of the fuzzy models, the subsequent sums
constitute the nonlinear part.

13. Fuzzy parameters of models (5) are identified. The following approach to identify-
ing fuzzy parameters is proposed. Fuzzy models based on the a-level set are transformed
into a set of crisp models:

] 1

'l—“0]+2”z]x —I—ZZalk]x X, 1=1,... L. (6)

i=1k=i
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where o), = 1, ... L—a-level set; [—index of «-level set; L—number of «-level set.
ap 8y
0 ij Tikj
can be identified using known methods of parametric identification. After identifying the

Then, the unknown values of the parameters a of the obtained crisp models
parameters of model (6) at x-levels, for example, based on the least square method, the
obtained values of the parameters must be combined according to the formula [18]:

aj= U alorp~ (a;) = su min{zx, ol (a; }, 7
1] x€[0,5+1] if y”ij( l]) ae[O,E}il] 1 .uu,j( l]) ( )

N ~
where gl.]! — {a,ﬂy;lj (ﬂij)| > lx}.
14. The adequacy of the developed models is checked. In this case, the following can
be chosen as adequacy criteria:

n 2

R = ming(y]M — y]E) <Rp,
=

where y]M and yf , respectively, represent the models calculated according to other models
that are real and obtained, for example, experimentally at the object, the values of the
output parameters; Rp—permissible deviation between y]M and yf.

15. If the condition of adequacy of the models is met, then the obtained models are
recommended for practical application in the optimization and control of the operating
modes of the modeled object. Otherwise, the reasons for the inadequacy of the developed
models are determined and the transition is carried out back to the corresponding points of
the method to eliminate them and ensure the adequacy of the developed models.

3. Results

3.1. Hybrid Models of Atmospheric Block Columns of Primary Oil Refining Unit Based on
Available Experimental-Statistical and Fuzzy Information

Based on the proposed in Section 2 hybrid method for developing a set of statistical,
fuzzy and linguistic models of complex objects in conditions of shortage and fuzziness of
the initial information, we synthesize models C-1 and C-2 of the atmospheric block of the
primary oil refining unit. In accordance with paragraph four of the proposed method, the
following structure of the statistical model of column C-1 was identified, determining the
yield of gasoline of the 180 °C fraction and stripped oil fed to C-2:

3 3 3

ajxi+) Y apixixg, j=1,2, (8)
1 i=1k=i

Yj = aoj +

1

where y;—volume of gasoline of 180 °C fraction supplied to the stabilization column;
ya—volume of stripped oil supplied to C-2; x;, i = 1,3—input, operating parameters C-1;
x1—volume of feedstock (desalted oil); x,—temperature in C-1; x3—pressure in C-1.

After identifying the unknown parameters of the models (8) based on an array of
experimental statistical data using the REGRESS software package 3.1, in which the least
squares method is implemented programmatically, the following models for determining
the volume of product yield from C-1 were obtained:

y1 = 11.1 4 0.008615385x; + 0.029473684x, — 1.55555555613 + 0.000026509:x ©)
+0.000077562x3 + 0.864197531x2,
y2 = 118.7 4 0.091384615x; + 0.312631579x; — 165000000003 + 0.000281183x2

10
—|—0.000822715x% + 9.166666667x§. (10)
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In accordance with paragraph 12 of the proposed system method, in Section 2, the
following structure of a fuzzy model is identified that estimates the end boiling point of the

gasoline of the fraction “not higher”, i.e., <180 °C:
?3 = 2{0 + ;1.7(2 + ZQJC3 + E3x§ + Z4x§. (11)

Then, the fuzzy model (11) according to Formula (6) is presented as a set of crisp mod-
els at a set of levels o = {0.5;0.8;1}. Since the Gaussian membership functions constructed
using the Fuzzy Logic Toolbox toolkit of the MATLAB system R2018b are symmetrical,
five crisp regression-type models were obtained at the levels o = {0.5;0.8;1;0.8;0.5}. Based
on the REGRESS software package 3.1, the parameters were identified, i.e., the regression
coefficients of the obtained crisp models at a-levels, which, due to their large volume, are
given in Appendix A.

After combining the identified parameters at x-levels using Formula (7), the following
model was obtained, suitable for determining the end of boiling point of gasoline:

V5 = 18 4 0.284210526x; + 30.00x3 + 0.000997x3 + 5.55x3 < 180 °C. (12)

The product (stripped oil) from the bottom of column C-1 is heated in furnace F-2 to
the required temperature (360-385 °C) and fed to the rectification column C-2 for separation
into other gasoline fractions and fuel oil. The developed models of column C-2 based on
the method proposed in Section 2, determining the volumes of gasoline fractions 180220,
220-280, and 280-350 °C, fuel oil fraction < 350 °C have the following structures:

6 6 6
Yj = ag; + Z uijxi+2 Z Ajkj XX, ] =4,7, (13)
i=4 i=4 k=i

where y;—volume of gasoline fractions 180-220 °C; ys—volume of gasoline fractions
220-280 °C; ys—volume of kerosene-gas oil fractions 280-350 °C; y;—volume of fuel oil of

the <350 °C fraction; x;, i = 4, 6—input, operating parameters C-2:x4—volume of feedstock
(partially stripped oil from C-1); xs—temperature in C-2; xs—pressure in C-2.

After identifying the unknown parameters of the models (13) in the manner described
above using the REGRESS software package 3.1, the following models for determining
the volume of product output from C-2 were obtained depending on its input and operat-
ing parameters:

Y4 = 11.2 4 0.00471381x4 + 0.02709677x5 — 1.4x5 + 0.00003174x7 -+ 0.000029136x% + 0.35xZ, (14)
Y5 = 36+ 0.016835017x4 + 0.0967741945 — 3.0x¢ + 0.000113367x7 + 0.000104058x2 + 1.25x2, (15)
Y6 = 4+ 0.001683502x4 + 0.009677419x5 — 0.5x4 + 0.000011337x7+0.000010406x3 + 0.125x2, (16)
y7 = 48 + 0.025252525x4 + 0.145161290x5 + 1.5x4 + 0.000170051x3+0.000156087x3 + 1.875x2. (17)

In accordance with paragraph 12 of the proposed method in Section 2, the following
structure of fuzzy models is identified, allowing to evaluate the quality of gasoline fractions
and fuel oil from C-2:

~

y;, = Eo + E1X5 + sz6 + ngé + Z4x5x6 + E5xé 2 b/', j=3811, (18)

where ?8, ?9,510, and }711 respectively represent gasoline fractions with boiling ends
bg < 200, by < 280, byg < 350 °C, and fuel oil fractions with the beginning of boiling
b1; > 350 °C.
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Then, similarly to the fuzzy model (11), model (18), shown in Formula (6), is repre-
sented by a set of crisp models on a set of levels « = {0.5;0.8;1} and, using the REGRESS
software package, the regression coefficients of the obtained crisp models on x-levels are
identified. For example, the results of parametric identification of the quality of gasoline
fraction 180220 °C ?8 on sets of a-level yielded the following parameters of model (19),
given in Appendix B. The parameters of the remaining fuzzy models, assessing the quality
of other gasoline fractions and fuel oil, were identified in a similar manner.

After combining the identified parameters at the x-levels using Formula (7), the
following models were obtained for determining the end boiling point of the gasoline
fraction from column C-2:

Vg = 100.0 + 0.153846154x5 + 30.00x4 + 0.001183432x2 < 200, (19)
Yo = 137.50 + 0.110x5 + 41.250x6 + 0.000440x2 < 280. (20)

Y10 = 175 4 0.102941176x5 + 52.50x + 0.000302768x% < 350, (21)

Y11 = 175.0 + 0.106060606x5 + 52.50x6 + 0.000321396x2 > 350. (22)

In the above-obtained models of columns C-1 and C-2 of the atmospheric block of
the primary oil refining unit (9)—(12), (14)—(17), and (19)—(22), the regressors that have zero
coefficients, i.e., those not affecting the output parameters, are neglected and are not given
in the indicated models.

3.2. Linguistic Models for Assessing the Quality of Gasoline from the Atmospheric Block Outlet

The following basic fuzzy requirement is imposed on gasolines from the atmospheric
block outlet according to the internal standard CT TOO 40319154-13-2018 of Atyrau Refin-
ery: end boiling point “not higher than 205 °C”. To take this fuzzy requirement into account,
in accordance with paragraphs 5-11 of the proposed method, linguistic models have been
developed making it possible to assess the quality of gasoline from the atmospheric block
outlet (512) depending on the fuzzy values of the content of chloride salts in desalted oil
(;7) and the mass fraction of sulfur in the feedstock (;g) of the atmospheric block. The
values of the input and output linguistic variables are determined with the involvement of
DM and experts. The Fuzzy Logic Toolbox application of the MATLAB system R2018b is
used to construct the membership function and fuzzy modeling [45,46].

The selected fuzzy input and output parameters of the atmospheric block are described
by the term sets: ;7 = {"low”, “below average”, “average”, “above average”, “high”};
;8 = {"low”, “below normal”, “normal”, “above normal”, “high”}; ;12 = {“very low”,
“low”, “average”, “high”, “very high”} (item 7 of the proposed method).

Table 1 shows the abbreviated notations of the selected terms used in fuzzification, i.e.,

constructing the membership function of the parameters X7, xg, and ?12.

Table 1. Abbreviated notations of input and output linguistic variable terms for fuzzification of rule
base formation.

Terms of Fuzzy Parameters Symbol
Low LW
Below average BA
Average AR

Above average AA
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Table 1. Cont.

Terms of Fuzzy Parameters Symbol
High HG
Below normal BN
Normal NR
Above normal AN
Very low VLW
Very high VHG

The universes of the given linguistic variables required for constructing the member-
ship function are given in Table 2.

Table 2. The universes for fuzzy parameters X7, Xg, and ?12.

Values of Fuzzy Input Variables
Fuzzy Input Parameters
LW BA,BN AR,NR AA, AN HG

57 7-9
1.0-1.2

x7 —content of chloride salts in the feedstock of the AT block 0-1 1-3 3-5

xg —mass fraction of sulfur in the feedstock of the AT block 04-06 0.6-0.7 07-08 0.8-1.0
Fuzzy Output Parameter Values

VLW LW AR HG VHG
196-202 202-208 208-214 214-220

Fuzzy Output Parameter

y,,—quality of gasoline from the outlet of the AT unit 190-196

The fuzzification procedures and other procedures of the fuzzy inference algorithm are
implemented in the Fuzzy Logic Toolbox. Flgure 3a,b shows the Gaussian-type membership

functions for the fuzzy input parameters x7, Xg.

Membership Function Editor: My_file Fo-—x Membership Function Editor: My_file fa-x
File Edit View [P S AELE AT
FIS Variables Membership function plots B I FIS Variables 1
= 5]
e N /XN
h\ salts gasol_q ﬁ‘ gasol_q
su\fur fr sufur_fr
input var\able "chl salts" input variable "sulfur fr*
Current Variable Current Membership Function (click on MF to select) Current Variable Gurrent Membership Function (click on MF to select)
Name chi_salts Name w Name sulfur_fr Name w
Type input Type gaussmf - Type input Type: gaussmf -
Params . Params. o
T 0o [0.7644 1.388e-17] Range 4 ] 0105]
DisplayRange (g g ] DisplayRange (04132 [ Glose ]
Ready ] [5e\ecl=d variable "suifur_fr" ]
(a) (b)

Figure 3. Membership functions of fuzzy input parameters: (a) ¥7—content of chloride salts (chl_salts)
in the feedstock of the AT block; (b) zg—mass fraction of sulfur (sulfur_fr) in the feedstock of the

AT block.

In Figure 4, the membership functions of the output parameter ¥, are constructed

using the Fuzzy Logic Toolbox.
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File Edit View
FIS Variables

XX XY

chl_salts gasol_gq

Membership function plots (3 181
T T T

T
VLW LW AR HG VHG

T
195

output variable "gasol Q"

sulfur_fr

Current Variable

Name gasol_q
Type output
Range [190 220]
Display Range [190 220]

Current Membership Function (click on MF te select)

Name VLW
Type gaussmf -
Params [3.186 193]

)

[Ready

)

Figure 4. Membership functions of the output parameter glz—gasoline quality (gasoil_q) (end of
boiling) from the outlet of the AT block.

The developed linguistic models for the fuzzy inference system, which allow us to

estimate the quality of the gasoline from the outlet of the atmospheric block (?12 ), are

presented below in the form of fuzzy production rules.

Rule1:
Rule 2 :
Rule 3 :

Rule 4 :

Rule 5 :

Rule6:

Rule 7 :

Rule 8 :

Rule9:
Rule 10 :
Rule 11 :
Rule 12 :
Rule 13 :
Rule 14 :
Rule 15 :
Rule 16 :
Rule 17 :
Rule 18 :
Rule 19 :
Rule 20 :

Rule 21 :
Rule 22 :
Rule 23 :
Rule 24 :
Rule 25 :

IF «;7 is LW» and «;8 is LW» THEN <<§12 is VLW» F;
IF «x7 is LW» and «xg is BN» THEN «y,, is VLW» Fy;
IF «;7 is BA» and «;8 is LW» THEN «3712 is VLW» F3;
IF «Xy is BA» and «xg is BN» THEN «;12 is VLW» Fy;
IF «x7 is LW» and «xg is NR» THEN <y, is VLW» Fs;
IF «X7 is AR» and «xg is LW» THEN «y, is LW» Fs;
IF «x7 is BA» and «xg is NR» THEN «y,, is LW» Fy;
IF «X7 is AR» and «xg is BN» THEN «y,, is LW» Fg;
IF «x7 is AR» and «xg is NR» THEN «y,, is LW» Fy;
IF «X7 is LW» and «xg is AA» THEN «y, is LW» Fyg;
IF «x7 is AA» and «xg is LW» THEN «y, is AR» Fyy;
IF «x7 is BA» and «xg is AA» THEN «y,, is AR» Fip;
IF «x7 is AA» and «xg is BN» THEN <y, is AR» Fy3;
IF «x7 is AR» and «Xg is AA» THEN «y,, is AR» Fiy;
IF «;7 is AA» and «;8 is NR» THEN «?12 is AR» Fis;
IF «;7 is AA» and «;8 is AA» THEN <<§12 is HG» Fyg;
IF «X7 is LW» and «;8 is HG» THEN «}712 is HG» Fy7;
IF «x7 is HG» and «;8 is LW» THEN «}712 is HG» Fyg;
IF «x7 is BA» and «;8 is HG» THEN <<]712 is HG» Fy9;
IF «;7 is HG» and «;8 is BN» THEN <<?12 is HG» Fyp;
IF <<;7 is AR» and <<;g is HG» THEN <<]712 is VHG» Fyq;
IF <<}7 is HG» and «;8 is NR» THEN <<?12 is VHG» Fyp;
IF «;7 is AA» and «;8 is HG» THEN «512 is VHG» Fy3;
IF «;7 is HG» and «;8 is AA» THEN «512 is VHG» Fyy;
IF «;7 is HG» and «;8 is HG» THEN «?12 is VHG» Fps;

(23)
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F1,.. . Fys—weighting coefficients reflecting the degree of confidence in the truth of
sub-conclusions in the calculated rule base are taken to be equal to 1. For different values
of the degrees of confidence, they can take values from 0 to 1.

Then, the compiled rule base, which is a fuzzy knowledge base, is implemented using
the Fuzzy Logic Toolbox and is presented in Figure 5.

1 File Edit View Options

1. If (chl_salts is LW) and (sulfur_fr is LW) then (gaseol_q is VLW) (1)
2. If (chl_salts is LW) and (sulfur_fr is BN) then (gasol_q is VLW) (1)
3. If (chl_salts is BA) and (sulfur_fr is LW) then (gasol_g is VLW) (1)
4. If (chl_salts is BA) and (sulfur_fr is BN) then (gasol_g is VLW) (1)
5. If (chl_salts is LW) and (sulfur_fr is AR) then (gasol_g is VLW) (1)
5. If (chl_salts is AR) and (sulfur_fr is LW) then (gasol_g is LW) (1)
1|17 If (chi_salts is BA) and (sulfur_fr is AR} then (gasol_g is LW)
"118. If (chl_salts is AR) and (sulfur_fr is BN) then (gasol_g is LW)
If (chl_salts is AR) and (sulfur_fr is AR} then (gasol_g is LW)
If and Then
chl_salts is sulfur_fris gasol_gis
LW LW VLW
BA BN LW
AR AR AR
AA AA HG
HG - HG - VHG -

M
0]
(1

L not not not

| - Connection Weight:

or

| ®/and 1 [ Delete rule } [ Add rule } [Change m\eJ
: [FIS Name: My _file2 } { ]

Figure 5. Fuzzy knowledge base for input and output parameters.

The fuzzy modeling results after visualization in the RuleViewer are shown in Figure 6.

File Edit View Options
chl_salts = 4.5 sulfur_fr = 0.8 gasol_q = 205
1 = ) — ) |
‘31 - ] ] 1
N ] =— ) ]

5 ] % ] ]
6 ] i ] |
7 = ] ] 1
B e
9 |
10 ]
11 ]
12 |
13 [E———————
14 [ s |
15 =
16 ——
17 —_
18 ]
19 ]
20 ]
21 |
22 |
23 |
24 |
25 i =

{Input- [45:08] ][P\ot points: 44 ] [ane }

{Opened system My_file2, 25 rules } [ }

Figure 6. Results of visualization of fuzzy logical inference in the RuleViewer.

In the Surface Viewer, the “inlet-outlet” surface corresponding to the compiled fuzzy
system is shown in Figure 7. The provided surface allows the results of fuzzy modeling to
be viewed and analyzed, determining the best values for the quality of the gasoline of the
AT block depending on its fuzzy input parameters.

The results of modeling the process of primary oil refining, taking place in
an atmospheric column, based on the systems of statistical, fuzzy, and linguistic
models (9)—(12) (14)—(23) developed by us and known models developed using traditional
methods, are compared. The results of modeling based on developed and known models
for ease of analysis and comparison are included in Table 3.
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File Edit View Options

sulfur_fr 0 chl_salts

X (input): chl_salts /| Y (input): suffur fr - Z(outputy gasol g =~
ks 15 Lo 15 Evaluate
oo P o | o=

[Ready }

Figure 7. “Inlet-outlet” surface in SurfaceViewer.

Table 3. Results of modeling the process of primary oil refining with known models [47] and the
developed system of different models using additional fuzzy information and experimental real data
from the AT unit of Atyrau refinery.

. . Known Developed Real Experimental

Volumes and Quality Indicators of Products Models [47] Model Systems Data
Volume of gasoline fraction 180 °C from column C-1, yy; 272 28.7 28
Volume of stripped oil from column C-1, y»; 299 297 297
Quality of gasoline fraction 180 °C, 53 ; - 175 (178)k
Volume of gasoline fraction 180-220 °C from column C-2, y4; 272 28.3 27.8
Volume of gasoline fraction 220-280 °C from column C-2, ys; 100 100 100
Volume of gasoline fraction 280-350 °C from column C-2, y¢; 10.3 10 10
\C/?;uryn; of fuel oil with initial boiling point <350 °C from column 151 1495 150
Quality of gasoline fraction 180220 °C, ;8 ; - 200.3 (210)F
Quality of gasoline fraction 220-280 °C, ?9 ; - 275 (278)L
Quality of gasoline fraction 280-350 °C, ;10 ; - 347 (350)"
Fuel oil quality with initial boiling point <350 °C, ?11 ; - 358 (360)L
Quality of gasoline from the outlet of the AT block, ?12 ; - 200 (200)&
Values of input and operating parameters of the AT block
x]—volume of the feedstock in C-1 (desalted oil); 325.7 325.7 325.7
x;—temperature in C-1; 193 190 190
x3—pressure in C-1; 1.85 1.80 1.80
xZ—volume of the feedstock in C-2; 297 297 297
xt—temperature in C-2; 312 310 311
x¢—pressure in C-2; 2.10 2 2
x5—content of chloride salts in the feedstock of the AT block; - 4 4)-
xg—mass fraction of sulfur in the feedstock of the AT block; - 0.75 (0.75)k

Note: — means that these parameters are not determined by this method; (-)l—these parameters are not measured
directly: they are estimated in the laboratory with human participation.
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From the analysis of the obtained results of modeling based on the developed models
of the atmospheric block, given what is presented in Table 3, it can be concluded that the
improvement of the developed models of the main, interconnected columns C-1 and C-2 of
the atmospheric block under study is statistically significant enough. The justification for
this conclusion is:

- the volumes of gasoline produced from the outlet of columns C-1 and C-2, deter-
mined on the basis of modeling and optimization, have been increased by 1.5 and 1.1
tons/day, respectively, or by more than 5%, which allows for significant additional
profits to be obtained monthly. This is achieved by increasing more valuable oil prod-
ucts (gasolines) at the expense of a slight decrease in less valuable and not particularly
in-demand oil products (heavy fractions, fuel oil);

- the developed models, due to the additional use of fuzzy information, determine
and improve the quality characteristics of the target products of the atmospheric
block—gasolines of different fractions. The compared known models do not allow the
user to evaluate these described fuzzy quality indicators of gasoline;

- the values of input and mode parameters that provide the best values of output
parameters and models (xf , X3, X3, X}, x;-:) show that the proposed method is more
energy efficient compared to known models. This is evident from the simulation
results (Table 3), since the developed models provide better results compared to known
models, at lower values of temperature and pressure, i.e., they require less energy.

In this study, also based on the modified method of sequential inclusion of regressors,
the structure of mathematical models of the studied atmospheric column C-2 was identified,
describing the dependence of gasoline (1), kerosene (y2), and fuel oil (y3) from its output
on the input and operating parameters (x1,x2, X3):

3 3 3
yj=aoj+ Y aixi+y . Y agixixe, j=1,3 (24)
i=1 i=1 k=i

where y;, j = 1,3—volumes, respectively: gasoline; kerosene and fuel oil from column C-2;

x;, i = 1,3—input, operating parameters of C-2, respectively: volume of feedstock; pressure
and temperature in C-2; a¢;, 4;; and a;;;—unknown parameters (regression coefficients) of
the model (24), identified on the basis of statistical data and the MATLAB package.

The collected statistical data: the values of the input and operating parameters and the
corresponding values of the output parameter (gasoline), as well as the identified regression
coefficients and predicted values of y;, obtained using model (24), are presented in Table 4.

Table 4. Daily values of input and output data and results of parametric identification of the model
for determining gasoline from the atmospheric column C-2 and the result of the predicted model.

Output Parameter, Its Value Obtained using the Model and

Input and Operating Parameters Regression Coefficients

X2 X3, Gasoline from

» Feecylcé’zock Pressure Temperature C2 y1, predicted Regression Coefficients
1 28 1.05 151 22 22.7152185843006 0

2 26 1.07 152 32 34.3678126088635 0

3 25 1.06 153 33 33.1812361561751 0

4 26 1.03 153 25 32.0912636236317 0

5 25 1.07 153 22 26.8781283098942 0

6 26 1.06 153 29 28.3653979109658 0
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Table 4. Cont.

Input and Operating Parameters

Output Parameter, Its Value Obtained using the Model and

Regression Coefficients

X1,

=

X2,

X3,

Gasoline from

y1,_predicted

Regression Coefficients

Feedstock  Pressure  Temperature Cc2

7 28 1.02 153 34 30.5778940470773 —3.06266442343409

8 29 1.01 153 31 34.3451825095981 —3486.86945250334
9 26 1.02 153 28 33.3179949048208 23.9985109074938
10 29 1.04 153 23 28.2582532063534 445.100000656846
11 27 1.03 153 31 34.4388347226777 —0.00591801193267827
12 26 1.05 153 30 32.2750694541901 46427.6363118354
13 25 1.04 153 32 31.1726986094291 —0.00725317030931101
14 27 1.07 153 29 31.3957169282658 12.5955616123985
15 24 1.04 153 30 29.4863686395547 —0.0799576916252932
16 28 1.04 152 34 27.5468888687465 —1175.21240063277
17 30 1.02 153 41 33.2809373404161 1375.32016596489
18 29 0.98 153 40 39.2199700925266 6.96191204520193
19 33 0.98 153 35 35.6346020880301 —0.0668990967460236
20 28 1 153 27 26.5841881011293 0

21 32 1.01 153 34 34.1134642006655 0

22 33 1.01 153 25 25.6305230872676 0

23 23 1.02 153 23 28.3640467413643 0

24 24 1.01 153 28 30.7583092534769 0

y1 = —3.06x3 — 3486.86x3 + 23.99x71 x5 + 445.1x1 x5 — 0.005x2x3 + 46427.63x5 — 0.0073x3 + 12.59x3
—0.079x3x, — 1175.21x2x3 + +1375.32x3x3 + 6.96x1 x5 — 0.067x2x2.

Based on the data in Table 1, the final form of the model for determining the gasoline

yield depending on the input and operating parameters can be written as:

(25)

Figure 8 shows graphs for comparing real and model data on gasoline yield, and

Figure 9 shows graphs of the dependence of the volume of gasoline from the atmospheric

column C-2 on the feedstock (volume of gasoline from C-1) and the pressure in C-2.

14Comparison of output and its predicted values (RMSE = 0.87495)

13 |

12%

Gasoline from K2

10 | | | | | 1
| | \ |
P | “" \ t
9Ff ¢ 4 —&— Values of gasoline over time |
£ X / Predicted values
8 / . . l .

15
t

25

Figure 8. Comparison of actual gasoline data and their predicted values.
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Figure 9. Dependence of the volume of gasoline at the outlet of the atmospheric column C-2 on the
volume of gasoline at the outlet of C-1 and the pressure in C-2.

4. Discussion of Results

In the developed hybrid models of C-1 and C-2 atmospheric block columns of the
primary oil refining unit, the input, operating parameters, and volume of oil products at
their outlet are crisp. Therefore, to determine the volume of o0il products from the outlet
of the atmospheric block using the proposed system method, statistical nonlinear models
of the polynomial type (9)-(10), (14)—(17) are developed. The structure and parameters
of these models are identified based on the method of sequential inclusion of regressors
and experimental statistical data using the REGRESS software package, which implements
the least squares method. Fuzzy models (12), (19)-(22) are developed to determine the
fuzzy estimated quality indicators of gasoline fractions and fuel oil from the atmospheric
block. The structure of these fuzzy models is identified based on a modification of the
method of sequential inclusion of regressors. Moreover, fuzzy parameters are identified
by transforming fuzzy models into sets of crisp models based on a set of x-level of fuzzy
set theory using Formula (6) of the proposed system method. Then, using experimental
statistical data and the REGRESS software package, the values of the parameters on the
sets of o-level are obtained. After that, combining the values of the parameters identified
on the sets of x-level using Formula (7), the parameters of models (12) and (19)—(22)
are determined.

The right part of Table 2 shows the names of the input parameters: the content of
chloride salts x7 and the mass fraction of sulfur xg in the raw materials of the AT unit,
which, in practice, are fuzzy and estimated with the participation of the experts of the
primary oil refining unit, the central plant laboratory. The lower part of the first column
of the table shows the fuzzy output parameter gu—the end of boiling gasoline from the
output of the atmospheric block, which also estimates the quality of gasoline from the
output of the AT block. And, in the left part of this table, the intervals of numerical values
and fuzzy terms, estimating fuzzy input and output parameters, are given.

In Figure 3, the Gaussian-type functions (gaussmf) of the Fuzzy Logic Toolbox ap-
plication are selected for the membership function of fuzzy described parameters. This
is justified by the fact that such a nonlinear dependence of the Gaussian type allows one
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to more adequately form an opinion about the membership of a fuzzy parameter to the
corresponding terms that describe its parameter.

The constructed linguistic models of the atmospheric block of the primary oil refining
unit using the proposed method of synthesizing linguistic models allow fuzzy modeling
of the gasoline production process in the Fuzzy Logic Toolbox, and selecting the optimal
operating mode of the atmospheric block. As can be seen from the results of fuzzy modeling,
from the inlet-outlet surface in the SurfaceViwer (Figure 7): the lower the content of chloride
salts and the mass fraction of sulfur in the feedstock of the AT block, the lower the boiling
point of gasoline, i.e., the quality of gasoline improves, and vice versa. This corresponds to
the developed rule base and means that it is necessary to choose a compromise solution
when choosing the values of the input parameters of the atmospheric block. This is due to
the fact that, on the one hand, an increase in output parameters allows increasing the volume
of gasoline; however, on the other hand, it worsens its quality. To do this, it is necessary to
solve the problem of making decisions on choosing the best compromise solution.

The results of the visualization of fuzzy inference in Rule Viewer (Figure 6) allow us
to review the rules for the fuzzy inference of each rule, the resulting fuzzy set, and the
implementation of the defuzzification procedure. This figure shows the results of modeling
in the case when the input parameters are entered: the content of chloride salts in the
feedstock is 4.5% and the mass fraction of sulfur in the feedstock is 0.8%. Then, as a result of
fuzzy modeling, the volatility, i.e., the quality (end of boiling) of gasoline is equal to 205 °C.
This means that the quality of gasoline is average (see Table 2). Using the developed fuzzy
inference system, by changing the values of the input parameters of the atmospheric block,
i.e,, by simulating its operating modes, it is possible to evaluate and select the best value of
gasoline quality taking into account the required volume.

The analysis of the improved output data obtained based on the proposed output data
methods: volume and quality of gasoline from the atmospheric unit, as can be seen from
the results given in Table 3, shows their practical significance, since:

- compared to the projections of known models, the results obtained on the basis of the
hybrid model are improved and more accurately coincide with the actual operational
data obtained at the research site. At the same time, the improvement of the output
data consists of increasing the volume of the target, more in-demand gasolines on the
market (fractions up to 280 °C) by an average of 5%, which allows for a significant
economic effect;

- as can be seen from Table 3, the developed fuzzy and linguistic models allow for
determining the quality indicators of the target gasoline produced in the atmospheric
block, which are characterized by fuzziness and are not determined by known meth-
ods. In practice, these quality indicators are approximately determined with the
participation of specialists, and laboratory assistants in laboratory conditions based
on their knowledge and experience. As a result, a comparison of the gasoline quality
indicators determined in laboratory conditions, which are determined after several
days, promptly determined indicators based on the proposed models coincide with
the actual data and are more improved;

- the accuracy of the forecasts of the developed hybrid model is effectively reflected
in the actual operation of oil refineries and allows obtaining additional profit due to
the increase in the output of higher quality and marketable gasoline fractions. From
Table 3, it is clear that the developed hybrid model of the atmospheric block allows for
improving the volume and quality of the target gasoline at lower costs for ensuring
the required values of temperature and pressure than the compared known models.
This allows for a reduction in energy costs for increasing temperature and pressure,
i.e., the proposed approach is more energy efficient.
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The method of gradual formalization of decision-making models proposed by Volkova
in [48] is a contribution to the development of modern methods of system analysis. When
developing and improving models of the atmospheric block of the primary oil refining
unit, the use of this method of gradual formalization of decision-making models allows
improvements in the quality of the developed models. In future studies, the authors plan
to improve the quality and the developed models and optimize oil-refining objects based
on the method of gradual formalization of decision-making models.

Due to the deterioration of the environmental situation in the contaminated area of
oil refineries, there is a significant deterioration of the environment. Emissions of harmful
gases, waste, and by-products of oil refineries are a dangerous source of pollution. In
addition to affecting air quality, they can also pollute soil and water, thereby damaging
ecosystems and causing serious environmental problems. At the same time, oil and oil
product pollution is found everywhere: in the soil layer, hydrosphere, atmosphere, they,
entering into the environment, cause it significant environmental damage. Therefore, in
the processes of oil refining, reducing the environmental load on the environment and
increasing environmental safety is one of the important and urgent issues. During primary
processing, in addition to emissions of CO,, hydrogen sulfide-containing gases, sulfur
dioxide and other harmful gases, other factors such as waste, used refrigerants, dirty water,
soot, solid waste from oil refining, and resource consumption also have a negative impact
on the environment.

The results obtained in this study facilitate an increase in the volumes of higher -
quality “clean” gasoline fractions and reduce the volumes of low-quality “dirty” gasoline
fractions, and also reduce energy consumption, thereby reducing the environmental impact
of primary oil refining processes on the environment.

Analysis and comparison of the modeling results of the atmospheric block operation
based on known models and the developed system of various models using additional
fuzzy information given in Table 3 allows us to highlight the following advantages of the
proposed modeling method:

1. The proposed modeling method based on the developed hybrid models using
fuzzy information facilitates an increase in the volume of more important target fractions
of gasoline due to the use of the experience, knowledge, and intuition of DMs and experts.
At the same time, as can be seen from the comparison results (Table 3), the volume of more
important gasoline fractions of 180 °C and 180-220 °C from the outlet of the atmospheric
block will increase by 1.5 and 1.1 tons/hour or 5.51 and 4.04%, respectively, while the
volumes of less important products decrease. In addition, it is clear that the results of
the proposed method more accurately coincide with real experimental data compared to
known deterministic methods, which means high adequacy of the obtained models.

2. The proposed method, due to the use of fuzzy information, representing the experi-
ence, knowledge, and intuition of the DM, allows the fuzzy-described quality indicators
of the produced target petroleum products (?3, ?8, ;9, ?10, ?11, ?12), which are not deter-
mined by known methods, to be determined. As can be seen from the comparison results
(Table 3), the obtained product quality values coincide with their real values determined in
the laboratory by specialists. This means that the developed fuzzy models are adequate.
In addition, the proposed system method for developing models of complex objects in
conditions of shortage and fuzziness of the initial information allows us to synthesize
linguistic models in conditions of fuzzy input and output production parameters.

3. When modeling based on the developed models at lower values of temperature and
pressure in C-1 and C-2 (x, x3, x5 and x5), the best values of output target products were
obtained. Thus, the developed models allow one to obtain more target products with lower
energy costs, which justifies their advantages over the known deterministic models.
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The main limitations of the proposed approach to modeling the optimization of
the coking process include the difficulties in assessing the degree of belonging of fuzzy
parameters to fuzzy sets, adequately describing them, and some difficulties of the DM in
the decision-making process. In the future, they can be eliminated by developing a special
system for assessing the degree of belonging of fuzzy indicators to fuzzy sets and preparing
and training the DM for the decision-making process. To develop this study;, it is planned
to automate and algorithmize the process of assessing and choosing the best solution as
much as possible.

5. Conclusions

The problems of modeling and optimization of complex, poorly formalized technolog-
ical processes are studied using the example of primary oil refining processes occurring in
the atmospheric block under conditions of shortage and fuzziness of the initial information.

The main results of the study and conclusions include:

(1) A method for developing effective hybrid models of complex objects based on avail-
able statistical and fuzzy information has been developed, based on a systematic
approach, methods of mathematical statistics, expert assessment, and theories of
fuzzy sets. In this case, fuzzy information represents the experience, knowledge, and
intuition of the DM and experts, expressed in natural language. Such a systemic
application of various information, due to the synergism effect and the property of
emergence, allows one to create effective models of complex, difficult-to-formalize
production objects.

(2) Based on the proposed method for developing models of complex objects based on
available information of various natures, hybrid models of the C-1 and C-2 atmo-
spheric block columns of the primary oil refining unit have been developed.

(38) The primary oil refining process modeling results are compared with known models
and the developed system of different models using additional fuzzy information.
The advantages of the proposed approach are shown in comparison with the results
of known deterministic models.

The novelty of the proposed system method and results lies in the effective use of
knowledge, experience, and intuition of the DM, experts in developing models in conditions
of shortage, and the fuzziness of the initial information. In addition, the proposed method
allows for the development of more adequate models of production objects in conditions of
shortage and fuzziness of the initial information based on the systematic use of available
information of various natures.
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Abbreviations

EDP-AT  Electric desalination plant-atmospheric tubular

DM decision-maker

GRF gas reagent facilities

C-1 oil stripping rectification column

C-2 atmospheric column

BBP beginning of the boiling point of the petroleum product fraction
Notations

y}w the calculated values of the output parameters

y]’-S experimental (real) values of the output parameters
Rp permissible deviation

XY universal sets, i.e., universes

~ means the fuzziness of the corresponding parameters and coefficients
A logical “and” sign

Ay, i=1nBj, j=1m fuzzy subsets of input and output parameters of an object

x,i=1n input, operating parameters of the object
yj, j= output parameters of the object
;,‘, i=1,n fuzzy input, operating parameters of the object
5]-, j=1m fuzzy output parameters of the object
Rjj fuzzy mappings between input, output linguistic CTS variables
P (Ei, 5]) fuzzy relationship matrices describing fuzzy relationships
ij
p (% ) membership functions of fuzzy output parameters of an object

Appendix A. Model for Assessing the Quality of Gasoline from Column
C-1 Depending on the Input and Operating Parameters on the Sets of
o-Level

~

— 0.5 0.8 1 0.8 0.5
Y3 = (17 171 + 17 875 + 18. 010 + 18 010 + 18 020) + (0284011215 + 0.284115347 + 0284210524 + 0284317517 + 0284420025>x2

2
+ (29 825 + 29 980 + 30. 015 + 30 115 + 30. 123>X3 + (0000755 + 0000877 + 0000998 + 0001157 + 0001207)x2

05\ ,2
Jr(547 + 580 + 555 T 55+ @)x&

Appendix B. Model for Assessing the Quality of Gasoline Fractions
180-220 °C from Column C-2 Depending on the Input and Operating
Parameters on the Sets of x-Level

~

0.5 0.8 1 0.8 0.5
Ys = (99 7 + 985 + To007 + T00. 12 T 100, 25) + (o 153846000 T 0153846057 T 0153846127 T 0153846785 T 0.284420257)"5

Jr(28817 + 25950 + 015 + 30005 T 30 118)"6

0. 08 038 05 2
T (0.001183415 + goottes: + ooorissm + ooty + 0.001183445)x5'

References

1. Beltramini, ].N.; Lu, G.Q. Processing of Primary and Secondary Fuels: Perspective on Petroleum Refining. Energy Storage Syst.
2020, 2, 619-634. Available online: https:/ /www.eolss.net/sample-chapters/c08/E3-14-05-06.pdf (accessed on 11 March 2024).

2. Yushkova, E.A.; Lebedev, V.A. Exergy pinch analysis of the primary oil distillation unit. J. Phys. Conf. Ser. 2019, 1399, 044072.
[CrossRef]


https://www.eolss.net/sample-chapters/c08/E3-14-05-06.pdf
https://doi.org/10.1088/1742-6596/1399/4/044072

Energies 2025, 18, 271 24 of 25

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

Kannan, P; Raj, A.; Ibrahim, S.; Abumounshar, N. Process integration of sulfur combustion with claus SRU for enhanced hydrogen
production from acid gas. Int. ]. Hydrogen Energy 2022, 47, 12456-12468. [CrossRef]

Government of the Republic of Kazakhstan. On Approval of the Best Available Techniques Reference Guide for Oil and Gas
Production; Resolution No. 1202, 27 December 2023; Adilet, Kazakhstan, 2023. Available online: https://adilet.zan.kz/rus/docs/
P2300001202. (accessed on 30 December 2023).

Elsner, M.P,; Menge, M.; Miiller, C.; Agar, C.W. The Claus process: Teaching an old dog new tricks. Catal. Today 2020, 79, 487—-494.
[CrossRef]

Orazbayev, B.; Ospanov, Y.; Makhatova, V.; Salybek, L.; Abdugulova, Z.; Kulmagambetova, Z.; Suleimenova, S.; Orazbayeva,
K. Methods of Fuzzy Multi-Criteria Decision Making for Controlling the Operating Modes of the Stabilization Column of the
Primary Oil-Refining Unit. Mathematics 2023, 11, 2820. [CrossRef]

Kafarov, V.V.; Dorokhov, L.N.; Zhavoronkov, N.M. (Eds.) System Analysis of Chemical Technology Processes: Strategy Basics, 2nd
ed.; Yurait Publishing: Moscow, Russia, 2018; 499p, ISBN 978-5-534-06991-4. Available online: https:/ /urait.ru/bcode /420627
(accessed on 1 March 2024).

Kafarov, V.V.; Glebov, M.B. Mathematical Modeling of the Main Technological Objects and Processes of Chemical Production, 3rd ed.;
Graduate School: Moscow, Russia, 2023; 403p. Available online: https:/ /urait.ru/bcode/516052 (accessed on 1 March 2024).
Guseinov, .A.; Melikov, E.A.; Khanbutaeva, N.A.; Efendiev, I.R. Models and algorithms for a multilevel control system of primary
oil refinery installations. J. Comput. Syst. Sci. Int. 2022, 51, 138-146. [CrossRef]

Zhorov, Y.M. Modeling of Physicochemical Processes in Oil Refining and Petrochemicals; Khimiya: Moscow, Russia, 1978; 375p.
Available online: https://f.eruditor.link/file /167308 / (accessed on 25 October 2023).

Zahedi, S. Modeling of operating modes of technological units of oil refineries. Pet. Coal 2018, 67, 33—49.

Bequette, W. Process Control Modeling Design and Simulation; Prentice Hall PTTr: Upper Saddle River, NJ, USA, 2013; p. 564.
Wen, Z.Z.; Wang Hui, W.D. Statistical inference for generalized random coefficient autoregressive model. Math. Comput. Model.
2018, 56, 152-166.

Freedman, D. Statistical Models: Theory and Practice, Illustrated, Corrected ed.; Cambridge University Press: Cambridge, UK, 2009;
442p, ISBN 0521743850, 9780521743853.

Douglas, A.M.; Danny, A.M. Statistical Methods in Experimental Pathology: A Review and Primer. Am. J. Pathol. 2021, 191,
784-794. [CrossRef]

Zhuang, W.; Li, Y.; Qiu, G. Statistical inference for a relaxation index of stochastic dominance under density ratio model. J. Appl.
Stat. 2022, 49, 3804-3822. [CrossRef]

Visura Pathirana, V.; Creasman, S.E.; Chvala, O.; Skutnik, S. Molten salt reactor system dynamics in Simulink and Modelica, a
code to code comparison. Nucl. Eng. Des. 2023, 413, 112484. [CrossRef]

Tcholtchev, N.; Dudeck, G.; Wagner, M.; Hein, C.; Prakash, A ; Ritter, T. Enabling the Interoperability of the Modelica DSL and
Matlab Simulink towards the Development of Self-Adaptive Dynamic Systems. Int. |. Syst. Dyn. Appl. (IISDA) 2018, 7, 54-75.
[CrossRef]

Zupanci¢, B. Optimization of a Process Control System using OO Approach with Matlab-Modelica Environment. In Systems
Modeling and Simulation; Koyamada, K., Tamura, S., Ono, O., Eds.; Springer: Tokyo, Japan, 2017; pp. 143-147. [CrossRef]
Richert, F,; Riickert, J.; Schlofer, A.; Abel, D. Comparison of Modelica and Matlab by Means of a Diesel Engine Model. IFAC Proc.
Vol. 2022, 37,287-292. [CrossRef]

Tian, G.S.; Zhang, L.C. Multi-Domain Modeling and Co-Simulation Based on Modelica and Simulink. Appl. Mech. Mater. 2020,
596, 927-930. [CrossRef]

Fayaz, M.; Ahmad, S.; Ullah, I; Kim, D. A Blended Risk Index Modeling and Visualization Based on Hierarchical Fuzzy Logic for
Water Supply Pipelines Assessment and Management. Processes 2018, 6, 61. [CrossRef]

Aliev, R.A.; Tserkovny, A.E.; Mamedova, G.A. Production Control with Fuzzy Initial Information; Energoatomizdat Publisher:
Moscow, Russia, 2018; p. 250.

Dzhambekov, A.M.; Dmitrievsky, B.S. Simulation of an automatic temperature control system for the stabilization catalysate
process in conditions of uncertainty. Bull. Tomsk. Polytech. Univ. Geo Assets Eng. 2022, 333, 26-33. [CrossRef]

Chen, F; Qiu, X.; Alattas, K.A.; Mohammadzadeh, A.; Ghaderpour, E. A New Fuzzy Robust Control for Linear Parameter-Varying
Systems. Mathematic 2022, 10, 3319. [CrossRef]

Naskath, J.; Sivakamasundari, G.; Begum, A.A.S. A Study on Different Deep Learning Algorithms Used in Deep Neural Nets:
MLP SOM and DBN. Wirel. Pers. Commun. 2023, 128, 2913-2936. [CrossRef] [PubMed]

Yann, L.C.; Bengio, Y.; Hinton, G. Deep learning. Nature 2020, 521, 436—444.

Ye, J.; Ni, J.; Yi, Y. Deep learning hierarchical representations for image steganalysis. IEEE Trans. Inf. Forensics Secur. 2022, 12,
2545-2557. [CrossRef]

Hinton, G. Deep neural networks for acoustic modeling in speech recognition: The shared views of four research groups. IEEE
Signal Process. Mag. 2019, 29, 82-97. [CrossRef]


https://doi.org/10.1016/j.ijhydene.2022.01.252
https://adilet.zan.kz/rus/docs/P2300001202.
https://adilet.zan.kz/rus/docs/P2300001202.
https://doi.org/10.1016/S0920-5861(03)00071-3
https://doi.org/10.3390/math11132820
https://urait.ru/bcode/420627
https://urait.ru/bcode/516052
https://doi.org/10.1134/S1064230711060098
https://f.eruditor.link/file/167308/
https://doi.org/10.1016/j.ajpath.2021.02.009
https://doi.org/10.1080/02664763.2021.1965966
https://doi.org/10.1016/j.nucengdes.2023.112484
https://doi.org/10.4018/IJSDA.2018100104
https://doi.org/10.1007/978-4-431-49022-7_29
https://doi.org/10.1016/S1474-6670(17)30358-0
https://doi.org/10.4028/www.scientific.net/AMM.596.927
https://doi.org/10.3390/pr6050061
https://doi.org/10.18799/24131830/2022/1/3513
https://doi.org/10.3390/math10183319
https://doi.org/10.1007/s11277-022-10079-4
https://www.ncbi.nlm.nih.gov/pubmed/36276226
https://doi.org/10.1109/TIFS.2017.2710946
https://doi.org/10.1109/MSP.2012.2205597

Energies 2025, 18, 271 25 of 25

30.

31.

32.

33.

34.

35.

36.

37.

38.
39.

40.

41.

42.

43.

44.

45.

46.
47.

48.

Dan, C.C. Mitosis Detection in Breast Cancer Histology Images with Deep Neural Networks. In Medical Image Computing and
Computer-Assisted Intervention MICCAI; Springer: Berlin/Heidelberg, Germany, 2022; pp. 411-418.

Li, M,; Li, S,; Tian, Y.; Fu, Y.; Pei, Y.; Zhu, W.; Ke, Y. A deep learning convolutional neural network and multi-layer perceptron
hybrid fusion model for predicting the mechanical properties of carbon fiber. Mater. Des. 2023, 227, 111760. [CrossRef]

Shi, C.; Tan, C.; Wang, T.; Wang, L. A Waste Classification Method Based on a Multilayer Hybrid Convolution Neural Network.
Appl. Sci. 2021, 11, 8572. [CrossRef]

Wang, Y.; Guo, L.; Wang, B.; Klemes, ].]. A graphical approach for mixed ratio optimisation in the binary mixed amine solution. J.
Environ. Manag. 2022, 311, 114779. [CrossRef] [PubMed]

Hafermann, L.; Becher, H.; Herrmann, C.; Klein, N.; Georg Heinze, G.; Rauch, G. Statistical model building: Background
“knowledge” based on inappropriate preselection causes misspecification. BMC Med. Res. Methodol. 2021, 21, 196. [CrossRef]
Ma, Z.; Dey, S.; Christopher, S.; Liu, R.; Jun Bi, J.; Palak Balyan, P; Liu, Y. A review of statistical methods used for developing
large-scale and long-term PM; 5 models from satellite data. Remote Sens. Environ. 2022, 269, 112827. [CrossRef]

Reverberi, A.P.; Kuznetsov, N.T.; Meshalkin, V.P,; Salerno, M.; Fabiano, B. Systematical Analysis of Chemical Methods in Metal
Nanoparticles Synthesis. Theor. Found. Chem. Eng. 2016, 50, 63-75. [CrossRef]

Pavlov, S.Y.; Kulov, N.N.; Kerimov, R. M. Improvement of Chemical Engineering Processes Using Systems Analysis. Theor. Found.
Chem. Eng. 2019, 53, 117-133. [CrossRef]

Jorgensen, M. A Review of Studies on Expert Estimation of Software Development Effort. J. Syst. Softw. 2004, 70, 37-60. [CrossRef]
Sabzi, H.Z. Developing an intelligent expert system for streamflow prediction, integrated in a dynamic decision support system
for managing multiple reservoirs: A case study. Expert Syst. Appl. 2017, 82, 145-163. [CrossRef]

Boiko, Y. Methods of forming an expert assessment of the criteria of an information system for managing projects and programs.
Comput. Sci. 2018, 5, 9-11. [CrossRef]

Zimmermann, H.-J. Fuzzy Set Theory—And Its Applications, 5th ed.; Springer Science+Business Media, LLC.: Dordrecht,
The Netherlands, 2018; p. 525, ISBN 978-94-010-3870-6. [CrossRef]

Dubois, D. The role of fuzzy sets indecision sciences: Old techniques and new directions. Fuzzy Sets Syst. 2011, 184, 3-17.
[CrossRef]

Abbas, S.H.; Hussain, Z.; Hussain, S.; Sharif, R.; Hussain, S. Intuitionistic fuzzy entropy and its applications to multicriteria
decision making with IF-TODIM. J. Mech. Contin. Math. Sci. 2021, 16, 99-119. [CrossRef]

Orazbayev, B.B.; Ospanov, Y.A.; Orazbayeva, K.N.; Makhatova, V.E.; Urazgaliyeva, M.K.; Shagayeva, A.B. Development of
mathematical models of R-1 reactor hydrotreatment unit using available information of various types. . Phys. Conf. Ser. 2019,
1399, 044024. [CrossRef]

Fuzzy Logic Toolbox. Design and Simulate Fuzzy Logic Toolbox. Available online: https://www.mathworks.com/products/
fuzzy-logic.html (accessed on 25 October 2023).

Fuzzy Logic Toolbox. Available online: http://www.matlab.ru (accessed on 25 October 2023).

Shumsky, V.M.; Zyryanova, L.A. Engineering Tasks in Oil Refining and Petrochemistry; MPC Publication: Moscow, Russia, 2014;
p- 475.

Volkova, V.N. Gradual Formalization of Decision-Making Models; Publishing House of St. Petersburg State Polytechnical University:
St. Petersburg, Russia, 2006; 120p.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.matdes.2023.111760
https://doi.org/10.3390/app11188572
https://doi.org/10.1016/j.jenvman.2022.114779
https://www.ncbi.nlm.nih.gov/pubmed/35245839
https://doi.org/10.1186/s12874-021-01373-z
https://doi.org/10.1016/j.rse.2021.112827
https://doi.org/10.1134/S0040579516010127
https://doi.org/10.1134/S0040579514020109
https://doi.org/10.1016/S0164-1212(02)00156-5
https://doi.org/10.1016/j.eswa.2017.04.039
https://doi.org/10.21303/2585-6847.2018.00766
https://doi.org/10.1007/978-94-010-0646-0
https://doi.org/10.1016/j.fss.2011.06.003
https://doi.org/10.26782/jmcms.2021.07.00009
https://doi.org/10.1088/1742-6596/1399/4/044024
https://www.mathworks.com/products/fuzzy-logic.html
https://www.mathworks.com/products/fuzzy-logic.html
http://www.matlab.ru

	Introduction 
	Object, Materials, and Methods 
	Results 
	Hybrid Models of Atmospheric Block Columns of Primary Oil Refining Unit Based on Available Experimental-Statistical and Fuzzy Information 
	Linguistic Models for Assessing the Quality of Gasoline from the Atmospheric Block Outlet 

	Discussion of Results 
	Conclusions 
	Appendix A
	Appendix B
	References

