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Introduction. The purpose of the presented study is to
substantiate the methods of regulating the consumption of syrup in
the evaporation station with a forecasting subsystem, which will
allow to predict the behavior of the system and the decision-making
subsystem, which will reduce the influence of the human factor on
the course of the evaporation process.

Materials and methods. The work of the evaporation station
with the subsystem of forecasting and decision support when
regulating the consumption of syrup was researched. In the
automation scheme for regulating the flow rate of syrup, induction
flow meters are used as a sensor. Pneumatic saddle valves with a
built-in throttle and an electro-pneumatic converter were used as
actuators.

Results and discussion. The use of neural sensors occurs only
in certain specific cases of intelligent control of the evaporation
process, there is no data comparing the use of intelligent regulators
with classical ones, the possibility of combining the work of several
types of intelligent regulators, as well as clear means of predicting
their work and supporting decision-making. Therefore, in this paper,
a decision-making subsystem has been justified, which made it
possible to assess the priorities of user requests when using a human-
machine interface. The highest priority was given to the request to
display information on possible changes to the adjustment
parameters of other control circuits. The forecasting method was also
used to compare the methods of regulating the flow rate of syrup in
the apparatus, which made it possible to predict the behavior of the
system during the formation of the control action and display the
finished forecast on the operator's screen and, thus, increase the
efficiency of the evaporation station. Statistical data on the behavior
of the contours of the automation system in different modes of
operation using intelligent and classical regulators were collected, a
model for predicting the operation of an evaporation station by the
method of local tendency was built and a forecasting algorithm was
developed. The accuracy of the obtained forecasting model is also
evaluated. The accuracy of the forecasting model was 98% for the
PID controller, 95% for the neural fuzzy regulator and 96% for the
neural network.

Conclusions. The model for predicting the operation of the
evaporation station is characterized by high accuracy in general, but
during the occurrence of oscillations in the transition process, there
is an insignificant delay in predicting these fluctuations. The most
important in the output of information by the decision-making
subsystem is the function of displaying information about the
possible changes to the parameters of regulation of other control
circuits.
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Introduction

The system of automatic control of the evaporation station can be described as a system
that requires the intervention of an operator-technologist, who in the course of his work
makes adjustments to the tasks of regulators responsible for temperature and material flows.
Such adjustments can be explained both by a change in the technological and quality
indicators of the components at the inlet of the evaporation station, and by the need to change
them at the exit of the section. When making changes to the operation of the automation
system, the operator must take into account how adjacent sections affect the operation of the
evaporation station, as well as the impact of the evaporation station on the operation of
adjacent sections of the plant (Hrama et al., 2019).

Perfection of the evaporation process is quite an important task. In the study
(Chantasiriwan, 2021), the author considers a model of the evaporation process that takes
into account the balance of mass and energy in the stages of the evaporation process.
However, this study did not consider the possibility of using intelligent regulators in the
evaporation process. The reason for this may be the difficulties arising from the need to use
special software. Research (Verma et al., 2018) makes it possible to overcome the problem
of its occurrence. This paper explores the process of linearization of a nonlinear model
consisting of 14 nonlinear levels of primary order, which is a dynamic model of the
evaporator. This study for the first time revealed the function of changing the concentration
of the product from the deviation of the flow rate of a liquid (Garcés et al., 2021). However,
no research has been conducted on the use of intelligent regulators in this study. This may be
due to difficulties in developing rule bases for neural fuzzy regulators or the lack of an
appropriate neural network training model (Said et al., 2021).

Evaporation stations for the sugar industry are equipped, as a rule, with stations with
natural circulation (Petrenko et al., 2022). In which, in case of non-compliance with the
optimal mode in the evaporation process, there is a decrease in alkalinity due to the
decomposition and caramelization of sucrose, which leads to the decomposition of amides
such as aspargin (Hrama et al., 2019). Juices of condensate (ammonia water) and vapors from
the evaporation station contain carbon dioxide, carbon monoxide and ammonia. Sugar juice
contains glucose (CsH;20s), the above factors cause a change in its properties. When the
glucose temperature reaches 160 °C and leaves it unchanged for a long time, one of the two
water molecules is cleaved, that is, glucose anhydride is formed (C¢Hi¢Os), from which the
formation of crystallized sugar is impossible. With a further increase in temperature to 220
°C, tasteless caramel or bitter assamar (a substance formed when heating products of animal
and vegetable origin) is formed from sugar juice, which are not capable of fermentation.
Therefore, the formation of sugar from such substances is impossible (Hrama et al., 2019).
Therefore, in order to prevent overexposure and overheating of the sugar syrup, it is necessary
to ensure the best quality control parameters.

The need to update existing control systems is indicated in the work (Sidletskyi et al.,
2020). The paper presents some approaches used for a distributed level of control of
technological processes. But this work does not reveal the issue of using intelligent regulators
in the evaporation process. Perhaps this is due to the complexity of the calculations.

In the works (Garcés et al., 2021) the author claims that with the help of intelligent
control, it is possible to ensure a faster decrease in tank temperature and achieve more stable
overheating control in the first evaporator tank. But in this paper there is also no disclosure
of'the issue of using intelligent regulators to regulate other parameters (for example, pressure,
syrup level, flow rate). In addition, this paper considers only the possibility of using
intelligent regulators in buildings other than the first. The problem of controlling other
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parameters of the evaporation process is considered in the work (Verma et al., 2018). In this
paper, it is proved that evaporation control can be implemented by recirculation of fluid in
the evaporation section or by supplying only liquid to the evaporator. But this paper also does
not address the use of intelligent regulators in the evaporation process. In the paper (Cao et
al., 2020), the authors research decision-making subsystems and argue that their use in
automation systems can improve the quality of automation processes by reducing the human
factor, but for the correct operation of the decision-making subsystem, it is also necessary to
develop a forecasting subsystem. However, the work does not consider the evaporation
process.

The paper explores the use of methods for regulating the consumption of syrup in an
evaporator with a subsystem of forecasting and decision support, which will allow to predict
the behavior of the system and derive a ready-made forecast, which will thus increase the
efficiency of the evaporation station.

The aim of the work is to substantiate the methods of regulating the consumption of
syrup in the evaporator with the forecasting subsystem and the decision-making subsystem.
This will make it possible to predict the behavior of the system during the formation of the
control action and display the finished forecast on the operator's screen, increasing the
efficiency of the evaporation station by reducing the influence of the human factor on the
process.

Materials and methods
Object and subjects

As the station on which the study was conducted, a five-corps evaporation station of the
sugar factory was taken. Figure 1 shows the scheme of automation of the contours for
regulating the flow rate of the syrup. In the syrup flow control circuits, induction flow meters
COMACCAL FLOW 28 are used as a sensor (FE 14a, FIT 14b). Induction flow meters are
used for instantaneous and total measurement of water and conductive fluids in filled
pipelines. The principle of their operation is based on the phenomenon of electromagnetic
induction. With the help of electrodes isolated from the pipe and recessed into a level with
an insulating layer, the electromotive force is removed, which in the measuring unit is
amplified and converted into a unified current signal of 0 — 5 mA. Measurement error +1.5%.
As secondary display devices (FIS 14c) selected KD140M manufactured by "LPZ Lviv
Instrument-Making Plant". These devices are designed to work complete with non-
interchangeable primary transducers (sensors) that convert the measured non-electric
quantities (pressure, flow rate, level, vacuum) into an AC output signal (340 = 30) mV (at a
current of 250 mA) by 1 mm of movement of the sensor plunger. The signal goes to the
controller (PLC) to the control unit (intersection with C), as well as to the human-machine
interface (SCADA) in which the syrup flow value is displayed on the screen of the automated
workplace of the operator (computer) (intersection with I). The resulting data is stored in
memory (R). These data (the actual values of the syrup consumption) are used to conduct this
experiment. If the syrup consumption value exceeds the set limits, then an alarm (A) is
generated. The control signal output by the controller (AO) goes to the electropneumatic
converter (LY 14e), which converts an analog unified electrical signal. In turn, the actuator
(for example, 9f) changes the position of the control valves. The operator can control the
position of the regulator in remote (manual) mode (intersection with C —remote control from
the SCADA operator). To switch the "Manual/Automatic" mode (HS 14d, HC 14d), the
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BRU-17 manual control units were used. It has one analog input with support for a unified
signal of 0-5 mA, 0-20 mA or 0-10 V and one analog output with support for a unified signal
of 0-5 mA, 0-20 mA or 0-10 V. Supports interfaces and protocols of the RS-485 and ModBus
network. Modicon M340 is used as a controller. Modicon M340 is an industrial logic
controller for machine manufacturers, small and medium-sized automation systems. Supports
4 MB of memory for saving programs and 256 KB for data storage. It is equipped with built-
in communications such as the CANopen bus, supports TCP/IP Ethernet network, RTU serial
interface, and ASCII character interface. This controller uses the BMX AMI 0810 input
module and the BMX AMO 0410 output module The pneumatic saddle valves (14f) Danfoss
VFG33, with a built-in throttle and an electro-pneumatic converter, were used as actuators
(Hrama et al., 2019).
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Figure. 1. Automation of the control circuit of the flow rate of the evaporation station syrup

Description of the methodology for developing a decision-making subsystem

In this paper, a method of calculating and forecasting user priorities for the development
of a decision-making subsystem was chosen.

To work with this technique, it is necessary to obtain information about users (U), their
requests (Q) and their requests for modification (D). Obtaining this data allows you to form
time series of changes in priority estimates (1) (Piazzoni et al., 2020):

X={x,t=t,.N} 1)
where t is the observation number, , 7 € (1,...N)

t — the number of observation in which the user's request was first recorded,

x ¢— the value of the priority of the user's request at the time of the start of iteration
with the number t,

N — the number of iterations during which monitoring and prioritizationof user
requests is carried out.
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The result of the chosen methodology is to obtain recommendations P; in the form of
estimates of requests for changes in the human-machine interface (2) (Zgurovsky et al.,
2018), ranked by the degree of importance:

P =F(xy,,;,BX,),j=1..L @)

where xn+1 18 the projected priority score of the user's request,
j — user request identifier,
L — the number of user requests to make changes to the human-machine interface,
B(Xj) — assessment of the trend of changing the priority of the user request, obtained
by the time series Xj,
F — the procedure for integrating point predictive xn+1j and temporal B(X;) estimates
of the priority of user requests for changes to the human-machine interface.

This technique of prioritizing user requests to make changes to the human-machine
interface consists of several of the following steps (Rajan et al., 2017):

1. Stage of data extraction and transformation. The provided stage is the removal of data
from the database of records of user requests for changes. Converting these hits to a
modification of the human-machine interface. At this stage, information is generated
about users (U), their requests (Q) and their requests for modification (D). Next, a
matrix of relations of user requests (R) is formed. After that, point and temporal
estimates of the priorities of modification requests (X; and B(X)) are calculated.

2. Atthe second stage, there is a modeling and forecasting of estimates of priorities for the
time series X;. First you need to build models of fuzzy time series using linguistic
variables. Next, the forecasting of point estimates of priorities based on fuzzy models
is carried out.

3. At the third stage, recommendations are formed for the decision-making subsystem.
The basis for this is the linguistic summary of temporal and predictive estimates of the
priorities of user requests.

For the correct development of the decision-making subsystem, it is necessary to collect
data (Lin etal., 2019). Input data are the key characteristics of human-machine interface users
and information about their actions. Data on the main characteristics of users can be recorded
in the following form (3) (Talebi et al., 2019):

U={u,i=1,..,M} 3)
where u; is the key characteristic of the user; i — user ID; M — number of users.

Only those data that are necessary for the study and correspond to the declared period
during which the data will be processed are uploaded from the database. To do this, the
human-machine interface must contain the ability to identify users (Lin et al., 2008). The list
of requests (Q) to make changes to the human-machine interface can be written as follows
(Cao et al., 2020) (4):

0={q,,k=1,...K}

Qk = {l ° J ’t }
where gk is a description of user requests for changes in the human-machine interface.
k — hit index,
K — number of hits,
i—user ID,
j — user hover identifier,
t — iteration number of the development.

)
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It is also necessary to classify user appeals in order to separate changes to change the
type of regulation (Talebi et al., 2019). The list of requests for changes to the human-machine
interface can be written as follows (Lakhno et al., 2017) (5):

D={d,,j=1..L} )

where d; — description of the user's request; j — user hover identifier; L — the number of user
requests to make changes to the human-machine interface.

Another important parameter is the date and time when the user makes changes to the
human-machine interface (Piazzoni et al., 2020). This parameter is necessary for the
formation of time series of estimates of the priorities of requests for changes to the human-
machine interface (Zgurovsky et al., 2018).

The priority of a human-machine interface change request can be calculated as follows
(6) (Talebi et al., 2019):

R:{V;/}

{t’, if {i,jt} €Q, (6)
0

where R is the relationship matrix, r;j — iteration number of development t'.

Next, it is necessary to calculate the point and temporal estimates of the priorities of
modification requests for each problem, which are received from users in the form of time
series (Rajan et al.,, 2017). The calculation of these estimates allows you to display
information on requests for changes in the human-machine interface in more detail (Piazzoni
et al., 2020). After that, the user's priority score is calculated and a temporal assessment is
formed, which is considered as a fuzzy trend (Talebi et al., 2019). To this end, it is necessary
to develop a special algorithm for assessing the priority of user requests based on the data
obtained according to the methodology described above (Zgurovsky et al., 2018).

On the basis of this method of developing a decision-making subsystem, the basic
requirements for the functioning of the software for the operation of the evaporation station
are formed (Piazzoni et al., 2020). Several iterations of software development were carried
out. The development involved 20 users who made approximately 100 requests. The results
of the survey after processing according to the algorithm (Figure 3) were entered in Table 4.
Fragments of data received from users are given in Tables 1-3:

i,j

Table 1
Description of user requests for software modification

b
The possibility of changing the regulation regime.
Revision of regulation forecasting using different types of regulators.
Derivation of recommendations for changing the regulatory regime.
Display information on possible changes to the adjustment parameters of
other control circuits.

AlW[(N|—|»

where a is the user request ID, j. Set in random order (Piazzoni et al., 2020); b — description
of user requests, d.

——Ukrainian Journal of Food Science. 2022. Volume 10. Issue 1 89



Processes, equipment and control systems

Table 2
Description of key user characteristics

a |b

1 | Director

2 | Engineer
3 | Engineer
4 | Operator
20 | Operator

where a is the user request index, i. Set in order from the highest position to the lowest
(Piazzoni et al., 2020); b — key characteristic of the user.

Table 3
Description of user requests

al|b|c
2011 |1
301 |1
4 12 |3
514 (2
1 |3 |4

where a is the user request index, i; b — user request identifier, j; c is the iteration number of
software development, t. Installed in the order of software development from the first
iteration to the last (Piazzoni et al., 2020).

Description of forecasting by local trends

Forecasting the operation of an evaporation station using the method of local trends
occurs using fuzzy time series models (Jolly et al., 2000).

To obtain a predictive local trend, a fuzzy time series model is generated (Lahtinen.,
2001). For this purpose, a model (Figure 4) of a fuzzy dynamic process with a fuzzy
increment is used, which looks like this: — a universal set for which fuzzy sets are defined
X (t=12.)cR % ,i=12,..),v ,(j=12,..), a’ ,(s=1,2,..) (Dong etal., 2017).

Next, the parameter value of the first-order time series model is set (Lei et al., 2016)
and the sum of the intensities of fuzzy elementary trends for each interval is calculated by
creating an algorithm of fuzzy local trends for this case (Dong et al., 2017).

To predict the operation of an automated evaporation station, the following algorithm
was used: first, it is necessary to convert the initial time series into a fuzzy time series. The
next step is to convert the resulting fuzzy time series into a time series of fuzzy elementary
tendency and dephase the intensity center of gravity method of each fuzzy elementary trend
for each time series @, = DeFuzzy(a, ) (Anghinoni et al., 2019).

Analysis of the stability of the forecasting model is as follows. The automation system
of the five-corps evaporation station is launched (Figure 1), after which the transient graphs
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and projected values during the operation of the station are removed from the SCADA system
(Dong et al., 2017). They are shown in Figure 6. Further, the graphs are divided into an
arbitrary number of equal time intervals (Gonzalez-Potes et al., 2016). Each time interval is
separated from the next by a point with the name in Latin letter. The value to which the
transient corresponds to at a given time is the actual value, and the value that corresponds to
the graph with the projected values at a given time is the predicted value. All these values are
recorded in Table 1. The values of the absolute and relative forecasting error for each point
are also calculated and recorded in Table 1 (Dong et al., 2017).
The value of absolute error (A) is calculated by the formula (7).

A=|2()-Z2()| )
where Z(z) is the actual value of the time series,

Z(1) — forecast value of the time series

The relative error value (V) for each time series point value is calculated using the
following formula (8):

= M %x100% (8)

The next step is to assess the accuracy of the system. The automation system of the five-
corps evaporation station is launched (Figure 1), the type of regulation is selected, after which
the transient graphs and predicted values during the operation of the station are removed from
the SCADA of the system. They are shown in Figure 6. Further, the graphs are divided into
an arbitrary number of equal time intervals (Gonzalez-Potes et al., 2016). Each time interval
is separated from the next by a point with the name in Latin letter. The value to which the
transient corresponds to at a given time is the actual value, and the value that corresponds to
the graph with the projected values at a given time is the predicted value. All these values are
recorded in Table 1. The values of absolute errors are calculated using the formula (7). The
average error (SP) is calculated by the formula (9) (Dong et al., 2017):

13 5
SP:;Z(Z(t)—Z(t)) ©)
t=1
where SP is the average error of the forecast value of the time series,
n — the number of intervals of the time series, Z(¢) — the actual value of the time series,
Z(t) — forecast value of the time series (Lei et al., 2016).
The average absolute error (SAP) is calculated by the formula (10).
SAP = lZ|Z(t) -2()| (10)
no

The average relative forecasting error (SVP) is calculated by the formula (11) (Lei et
al., 2016).
1 [Z0-20)

n=

SVP x100% (11)

The accuracy of the forecasting model (T) is calculated by the formula (12)
T=100%-~37 (12)
noo

The closer to 100% the accuracy index of the model (T) approaches, the more accurate
the model is (Lei et al., 2016).
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Results and discussion

Analysis and synthesis of control action using forecasting methods in the control
system of the evaporation station

We propose to use a block diagram of regulation (Hrama et al., 2022), modifying it in
such a way as to include the possibility of forecasting (Lei et al., 2016) and decision-making
subsystems (Piazzoni et al., 2020).

v Forecasting
Identification [~ 1 subsystem
jeemn s and adaptation|¢ - - - . _ _ _
A T

v(t)
AD e(t Du(t) ‘ Control ' : ecision- Yt
g Regulator $o——» OE].LZ? = making *()»
! l : subsystem

v 2
Model of the Y, (t)

| control object

- PID-regulator |

Neuralfuzzy regulator . Neuralnetwork regulator .
Fuzzy Reference R P-roportional
conclusion model : i link
T g | |
Rule base Neural : ‘® i . {'ml::gral :
network : ; Bl ¥
; ‘ Differential
Co_ntrol T
object : ‘

Figure. 2. Figure of the structural scheme of regulation

The block diagram of the regulation is shown in Figure 2, where Y,(t) is the signal of
the task, e(t) is the disagreement between the task signal and the feedback, u(t) is the control
signal, v(t) is the external perturbation, Y(t) is the output signal, Ywm(t) is the output signal
from the object model.

In more detail, the work of intelligent regulators, on the example of fuzzy ones, is
discussed in the work (Tang et al., 2001). In this work, a fuzzy PID controller was researched
as a discrete version of a conventional PID controller, so it retains the same structure, but has
an independent adjustable control factor. It is proved that it is possible to improve the classic
PID controller with a certain adaptive control ability. But this regulator cannot be considered
a full-fledged neural fuzzy regulator. In addition, this paper also does not consider the use of
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other types of intelligent regulators. A possible reason for this may be the costly part in
conducting research. The problems of using neural obfuscive regulators are discussed in more
detail in the work (Chantasiriwan, 2017). This work presents a new PID controller of fuzzy
logic. This regulator is a fuzzy PID controller with a computational efficient analytical
scheme. The author proves that the controller is stable with limited input / limited output
However, this regulator is very difficult to implement, and this paper does not provide the
possibility of using other types of intelligent regulators. In addition, there is no possibility of
using this regulator for some adjustment parameters. Also, none of the above works has any
justification for updating existing automation systems for the evaporation station. A possible
reason for this may also be the costly part in conducting research. The use of neural sensors
is considered in the work (Sidletskyi et al., 2019). The data says that one of the advanced
methods of improving control systems is the addition of fuzzy and neural fuzzy logic.
Methods of dynamic power control were analyzed using fuzzy logic and adaptive neural
networks. One of the possible options for regulating power is the use of fuzzy conclusions
(the so-called fuzzy system). The control action is formed by checking the consistency of
fuzzy rules for the actual parameters of the system. Rules are created in accordance with the
experience of the operator, which reflects his / her actions when changing technological
parameters. But this work does not consider the use of neural regulators in the evaporation
process. In addition, it also does not address other types of intellectual regulation.

Synthesis of the algorithm of the decision-making subsystem

To assess the priority of user requests to make changes to the human-machine interface
and the formation of time series with their help, a special algorithm was developed (Figure
3).

The first step of this algorithm is to determine the iteration number of the development
of a human-machine interface. To do this, determine the value of t, at which the value of the
vector {r;} will be minimal, but not zero (Zgurovsky et al., 2018). A zero value means that
users of a human-machine interface do not address a given function or problem (Rajan et al.,
2017).

The next step is to determine the estimate of the priority x; of some user request to make
changes to the human-machine interface (Talebi et al., 2019). This calculation occurs
according to the formula (6). In this algorithm, the intensities of fuzzy trends of various types
are grouped, followed by the formation of linguistic rules of the main trend of time series.
The implementation of this algorithm allows you to form a set of estimates of the priorities
of requests. In this study the following estimates are used: "Increase in request priorities",
"Decrease in request priorities”, "Priorities remain stable", "Uncertainty of changes in
priorities", "Fluctuations in changes in priorities", "Increase in request priorities with
fluctuation", "Decrease in query priorities with fluctuation". If you apply this algorithm for
each user request to make changes to the human-machine interface of the evaporation station
and attribute each request to its corresponding time series, you can determine the linguistic
term that carries information about changes in priorities (Rajan et al., 2017). This information
allows you to form recommendations of the decision-making subsystem (Piazzoni et al.,
2020).
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Determination of
the iteration number
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Figure. 3. Special algorithm for assessing the priority of user requests

The next step, according to formula (1), we form time series for changing priority
estimates (Talebi et al., 2019). The following is the time series for displaying information
about possible changes to the adjustment parameters of other control circuits (13):

X, ={3,1;2,2;1,3;1,4} (13)

So, from the time series X; we can say that at the first observation, the function of
displaying information about the possible changes to the parameters for regulating other
control circuits among users had a third priority, but with further observations, the priority of
this function increased and after the third observation took first place (Zgurovsky et al.,
2018). From this we can conclude that the projected priority of users of this function will be
high (Piazzoni et al., 2020).

Therefore, according to the formula (2), you can get recommendations P and in the form
ofranked estimates of queries (Talebi et al., 2019). For the function of displaying information
about the possible changes to the parameters of regulation of other control circuits, the
following series has the form (14):

P =F(l, "Very important") (14)

According to the formula (3), data on the main characteristics of users can be written in
the following form (15):

U ={"director",1; "engineer",2; "engineer",3;...;" operator",20} (15)
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Next, the formula (4) creates a list of requests for changes to the human-machine
interface:
9, =1{,5,2} (16)
According to formula (5), it is necessary to classify user appeals in order to separate the
introduction of changes to change the type of regulation (Lin et al., 2008):
D = {"change of regulation type", 5} (17)
Next, using the formulas (1) and (2), the relationship matrix is filled in to determine the
priorities of the queries. The formula (6) calculates the determination of priority estimates
(Piazzoni et al., 2020). The results are listed in Table 4.

Table 4
Determination of priority assessments

a |bj|c d e f
Xi | 2| 1| Important | Oscillation | Very important
X2 | 3| 2 | Important | Height Very important
X3 | 4 | 3 | Important | Height Important
X4 | 1] 4| Important | Height Very important

where a is the time series (1); b — user request identifier (table 1); ¢ — assessment of the
priority of the request (13); d — linguistic evaluation of the request (6); e —tendency to change
the priority of the request (2); f — Recommendation for creating functional requirements (14).

According to Table 4, it can be concluded that the most important in the output of
information by the decision-making subsystem is the function of displaying information
about the possible changes to the parameters of regulation of other regulatory circuits, since
it has the highest priority rating (Zgurovsky et al., 2018). Also very important is the
availability of the function of reviewing the forecasting of regulation using different types of
regulators (Rajan et al., 2017). Therefore, during the operation of the decision-making
subsystem, these functions will have the highest priority.

Synthesis of the algorithm of local trends

We will develop an algorithm for local trends of the evaporation station. The paper
(Gonzalez-Potes et al., 2016) describes the management of several evaporation stations with
full integration of fuzzy control and the use of wireless network sensors and actuators. But in
this paper there is no comparison of the use of neural sensors with other types of intelligent
regulation and there is no justification for the expediency or inexpediency of using this type
of regulation in case of the possibility of introducing a system with another type intelligent
control. In addition, neural fuzzy regulation in this study does not apply to all regulatory
circuits. The reason for this may be the high complexity and cost of conducting such a study.
The authors of the study also meet with similar problems (Tang et al., 2001). In this paper,
the control of evaporator overheating using a fuzzy sliding mode controller is considered. In
addition, this study does not disclose the use of fuzzy regulation for other circuits of
regulation of the evaporation station.

It is necessary to improve the model of forecasting the operation of the evaporation
station by the method of local tendency and the forecasting algorithm and determine the
influence of the algorithm on the accuracy and stability of the obtained forecasting model.
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To work with the algorithm of local trends, we set the following parameter
dependencies (Lei et al., 2016):

X, = Fuzzy(x,),
Di = TTeI’ld(fC, D i{_] )5

Di+l = j‘D (61 )’
di = RTend(ﬁ, ) d,-_| )5

= j;z (a,),

X, =Comp(x,,,,0

i+12 i+l

a+l),
xi+1 = D@FUZZ_)/()EHI) + ¢,

i+12

Figure. 4. First-order time series model

Where Fuzzy is the operation of the phase of the scale, TTend is the operation to
determine the type of difference, RTend is the operation to identify the intensity of the
difference, Comp is the operation to calculate the new fuzzy assessment, DeFuzzy is the

operation of defasification of the scale. f;,f, — fuzzy dependencies are presented in the

&... — numerical estimate and error of the

form of a composite implication rule, x,,,,&,,,

i+1°

predicted level of the time series.
In this model, an absolute fuzzy estimate ¥, is determined by phasifying the scale

according to the value of the object being evaluated x,. Next, an operation takes place to

determine the type of differences and the next step is the process of determining the intensity
of the differences. After that, a new absolute fuzzy estimate is calculated (Xu et al., 2020).
The final step is the defasification of the scale according to the definition of the object x,

being evaluated according to an absolute fuzzy estimate ;.

A two-stage algorithm for selecting a time series forecasting model has been developed
(Dong et al., 2017). It is calculated the sum of the intensities of fuzzy elementary trends for
each interval (Figure 5).

Using the algorithm (Figure 5), it is possible to evaluate local trends using linguistic
and numerical forms (Anghinoni et al., 2019). To work this algorithm, it is necessary to
convert the initial time series to a fuzzy time series (Mehmood et al., 2021) using the model
shown in Figure 1. The next step in the implementation of this algorithm is to divide the
resulting time series into a certain number of intervals. At each interval, the sum of the
intensities of the same type of fuzzy elementary trends is calculated. Further, comparing the
time intervals with growth (STy,) and decrease (STdown) of the time intervals of the length of
a fuzzy trend, the type of local trend ("'Stable", "Growing", etc.) is chosen (Xu et al., 2020).

This algorithm does not require additional interpretation by the user. The disadvantage
of this algorithm is the limitation of its operation by the number of predetermined time
intervals, which is why the number of identified local trends will be equal to the number of
intervals specified by the developer (Anghinoni et al., 2019). This algorithm allows you to
get time series, which can be used in the future to predict local trends. The advantage of this
algorithm is the ability to reduce the knowledge base, which can be represented as a set of
rules that are generated by a fuzzy time series (Dong et al., 2017).
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if B,(z,)=true then ST,, = ST, +a,,

up up

if Pu,(7) = true then ST, = ST,
if ST,, =0 and ST,,,, =0 then
0="Stable",a=0,

if ST, >2-ST,, . then

§="Up" a=abs(ST,, ~ ST,

if ST, > 2.5Tup then
0="Down",a=ads(ST,, - ST, )
if 0.9-ST <ST,

., <12-ST
< ST, <1,2-ST

+a,,

own

up
or 0’9 : ST:Z' down

then D="Regular",3:(57:,p +8T,

0\4"’1) / 2
else 6="Chaos",a=abs(ST,, — ST, )

a = Fuzzy(a).

Figure. 5. Algorithm of local trends for research
P — the finite set of points on the interval n (the finite set of tendencies);
ST — the time interval of the length of a fuzzy trend.

Result of the syrup flow forecasting algorithm with the decision-making subsystem

The result of the algorithm execution (Figure 5.) Forecasting of an automated syrup
consumption system using intelligent regulation and a decision-making subsystem is shown
in Figure 5. Forecasting of an automated syrup consumption system using intelligent
regulation and a decision-making subsystem is shown in Figure 5. Forecasting of an
automated syrup consumption system using intelligent regulation 6. Table 5 shows the results
of calculations for the consumption of syrup using PID, neural fuzzy, and neural network
regulators. Based on the results presented in the table, we can conclude that, since the value
of SP is negative, the forecast was overestimated relative to the actual data (Lei et al., 2016).
This is true, since the forecast shows a small absolute error of 1% when using neurone-fuzzy
regulation. And with the actual use of this type of regulation, it is absent. However, this
overestimation is insignificant, as can be seen from the indicator of the average relative error
of forecasting (Dong et al., 2017).

In theory, when applying the average relative error in assessing the accuracy of the
model for predicting the evaporation process, the value of forecast accuracy can reach 100%
(Lei et al., 2016). This will mean that the selected forecasting model describes the process
with absolute accuracy (Anghinoni et al., 2019). In practice, such a phenomenon is almost
impossible, since the forecast cannot take into account absolutely all the factors that affect
the automation system (Xu et al., 2020). In the case when the value of forecast accuracy
approaches 0%, then this model does not describe the predicted process at all (Butt et al.,
2020).
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Table 5
Indicators for assessing the error of forecasting the consumption of syrup

N [a [b e [dfe |f |g
PID regulator
1 A |0 0 0
2 B [222 |223 1
3 C [217 [215 |2
4 D [215 |[214 |1 |-08 |08 |2
5 E [215 214 |1
6 F 215 [214 |1
7 G |215 214 |1

Accuracy of the forecasting model (12): | 98%
Neural obscure regulator

1 A |0 0 0
2 B | 214 216 |2
3 C | 215 214 | 2
4 D | 215 214 | 2 |-09 09 |5
5 E | 215 214 | 1
6 F 215 214 | 1
7 G | 215 214 | 1

Accuracy of the forecasting model (12): 95%
Neural network regulator

1 [A] 0 0 [0

2 | B | 217 | 216 | 1

3 [ C 215 | 214 |1 A
4 | D215 | 214 | 1] -09 [127

s | E | 215 | 214 |1

6 | F | 215 | 214 |1

7 [ G [ 215 | 214 |1

Accuracy of the forecasting model (12): 96%

where a — Point name, b — Actual value, m*h, ¢ — Predicted value, m*/h, d — Absolute error,
%, e — mean error (SP) (9), f — mean absolute error (SAP) (10), g — average relative
forecasting error (SVP) (11).

The forecast accuracy indicator is also used to select the optimal forecasting model. The
optimal model is the model whose accuracy is closest to 100% (Lei et al., 2016), since it is
more likely to make a more accurate forecast.

Since, in our case, the value of the average relative error is 5%, it follows that the
accuracy of the model is 95%, which is a very high assessment of the quality of our
forecasting system. Since the accuracy of the forecasting model is very close to 100%, it can
be considered optimal (Dong et al., 2017).

In order to correctly understand how much, you can trust the obtained algorithm for
predicting the evaporation process, it is also necessary to assess the accuracy of the forecast
obtained (Lei et al., 2016). In Figure 4 shows a comparison of the predicted value of the
change in the flow rate of syrup using PID, neurone-fuzzy and neural network regulators and
the actual change in syrup consumption.
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F, m’/h
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F, m’/h
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Figure 6. Comparison of the transients of the predicted and actual consumption of the syrup in
the first building of the evaporation station using:
a— PID;
b — neurone-fuzzy;
¢ — neural network regulators;
1 (=) — the projected value of the syrup consumption;
2 (=) — the actual value of the syrup consumption (PID-regulator);
3 (=) — the actual value of the syrup consumption (neurone-defunt regulator);
4 (=) — actual value of syrup consumption (neural network regulator);
AB, BC, CD, ..., JK — time series intervals.
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In this study, a forecasting method was used to compare methods for regulating the flow
rate of syrup in the apparatus, which makes it possible to predict the behavior of the system
during the formation of the control action and display the finished forecast on the operator's
screen and, thus, increase the efficiency of the evaporation station. The advantage of this
method is its easy and quick implementation, which does not require large economic and
energy costs. The disadvantage of this method is the need to break the transient process into
separate time intervals of the number series manually and the direct dependence of the
accuracy of the model on the number of elements of the time series.

In other studies, most of the problems of intelligent control in the process of evaporation
remain unresolved. The use of neural regulators occurs only in certain specific cases. In
addition, there is no comparison of the use of intelligent regulators with classic ones. There
is also no coverage of the possibility of combining the work of several types of intelligent
regulators if necessary. In addition, there are no clear means of forecasting the work of
intelligent regulators and decision-making subsystems.

Conclusions

1. After researching a large number of sources, it was concluded that in other studies, most
of the problems of intelligent control in the evaporation process remain unresolved. The
use of neural regulators occurs only in certain specific cases. Therefore, a model for
predicting the operation of an evaporation station by the method of local tendency was
built and a forecasting algorithm and an algorithm for the decision-making subsystem
were developed.

2. An algorithm for assessing the priority of user requests according to the method of
calculating and forecasting priorities was developed. The result of this algorithm was
the determination of priority estimates, which showed that the most important in the
output of information by the decision-making subsystem is the function of displaying
information about the possible changes to the parameters of regulation of other
regulatory circuits, since it has the highest priority rating.

3. A model of forecasting the operation of an evaporation station by the method of local
tendency is constructed and a forecasting algorithm has been developed. The accuracy
of the obtained forecasting model is also evaluated. The accuracy of the forecasting
model was 98% for the PID controller, 95% for the neural non-fuzzy regulator and 96%
for the neural network, which are high rates The advantage of this model is its high
accuracy in general, but the disadvantage is that during the occurrence of oscillations in
the transition process, there is an insignificant delay in predicting these fluctuations.

4. Statistical data of the behavior of the contours of the automation system in different
modes of operation using intelligent and classical regulators were collected, a model for
predicting the operation of an evaporation station by the method of local tendency was
built and a forecasting algorithm was developed. The advantage of this method is its
easy and quick implementation, which does not require large economic and energy
costs. The disadvantage of this method is the need to break the transient process into
separate time intervals of the number series manually and the direct dependence of the
accuracy of the model on the number of elements of the time series.
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AHoTauii
XapuoBi TexHonorii

BniuB pucoBoro 6opomHa Ha KoH(popMauiiiHi nepeTBOpeHHs B TicTi pu
BHPOOHUITBI MIIEHMYHOTO X.J1i6a

Amnacracis lleBuenko, Citiana JliTBUHIyK
Hayionanvuuii ynisepcumem mexuonoziu, Kuis, Ykpaina

Beryn. Meroto pobGotu Oyno BH3HAYEHHS BIUIMBY PHCOBOrO OOpOIIHA Ha
KOH(OpMalLiifHi HEPETBOPEHHS B CTPYKTYPI TiCTa JUIsi BUTOTOBJICHHS IMIIEHUYHOTO XJ1i0a, /10
CKJIQJTy SIKOTO BHECEHO JICHIUTHH.

Martepianu i metomu. byno gocimimpkeHo prucoBe OOpPOMTHO, HOTO XIMIYHHNA CKIIAJ Ta
¢pakuiiiamii ckian 6inkiB. KoHdopmaiiiHi nepeTBOpeHHsS CTPYKTYPHHUX €JIEMEHTIB B TIiCTi
ta Xm0l Oymu jmociiypkeHi MeTomoM i1H(PayvepBOHOI CIIEKTPOCKOIIT y  ONIDKHIN
iH(ppauepBOHiii 00IaCTi.

Pe3yabraTu i 06roBopenHsi. Y prucoBomy OOpoOIIHI 3arajapHUIA BMIcT OiKiB Ha 47%
HIDKYMH, HDK Y NMIIEHMYHOMY OOpOIIHi, BMICT Xap4OBHX BOJIOKOH y 8,5 pa3iB HIKUYHM.
@paxuiiHuii cki1an OUIKIB MOKa3aB BUIIMKM BMICT aabOyMiHy, MpOaMiHy Ta HEPO3YMHHHUX
OiJIKiB B IMIIEHNYHOMY OOpOIIHI, HiXk B pucoBomy Ha 11, 90 ta 75% BinnosinHo. 3a BMicTOM
OOy IiHIB Ta TIIOTENIHIB TIepeBakae OopomrHo prcoBe Ha 7 Ta 183% BiamoBimHO, OgHAK
CKJIAJ TIIOTETIHIB Y JOCTI[DKYBaHMX 3pa3Kax pI3HHMH. Y TNIIeHMYHOMY OOpomiHi Ie
TIIIOTEHIH, KU € KICHKOBUHHAM O1TKOM, YTBOPIOE TETCPOTCHHY CYMIII TIOIIMEPIB depes3
JIUCYIbGIIHI 3B’ SI3KH MOTIMENTHAIB. Y PHCOBOMY OOpOIIHI NMPEICTAaBHUKOM TJIIOTENIHIB €
opizeHiH. [HppauepBOHI CIIEKTPH BiIOMBaHHS MIICHUYHOTO Ta PHECOBOTO OOPOIIHA ITOKA3ATH
MOAIOHNI XapakTep CIIEKTPiB: €KCTPEMYMHM CIIOCTEpIraloThesi HAa OIHAKOBHX JOBXKHMHAX
XBHWJIb, CIIEKTPH MiX COOOI0 pO3TalIoBaHI MapajeiabHO Ta BiAPI3HAIOTHCS JIHMIIE 32
iHTeHCHBHICTIO BinOMBaHHS. CIIEKTp JIEHUTHHY COHALIHMKOBOTO 3HAYHO BiAPi3HSIETHCS
4yepe3 BiAMIHHUHA XiMIiYHAHN cKi1aa. TakoK Ha TESKUX JOBKWHAX XBUJIb HA CIIEKTPI JICIUTHHY
TIOMITHI 3MIIIEHHS €KCTPEMYMIB SIK B KOPOTKO-, TaK 1 IOBTOXBHJILOBY 00JacTh. BropuHHa
CTPYKTYpa TIIOTEHY 3a3Hajia 3MiH B XJIi01 HiCIsI BIUIMBY TEMIEPATypH UIIXOM ITPOCYBaHHS
a-Cripareii i B-TIoBOpOTIB 1 clipusiia YTBOPEHHIO TUCYIb(iTHUX 3B'I3KIB.

BucnoBku. IIpoBeneHi IOCHIIKEHHS CBiI4aTh MpPO JOLUIBHICTh 3aCTOCYBaHHS
pHCOBOro OOPOITHA B TEXHOJIOTIT X1i000yT04HNX BUPOOIB Ha 3aMiHy NIICHUIHOTO 3 METOIO
MiHIMI3yBaTH BMICT KJIITKOBHHH B XJi0i.

KarouoBi ciioBa: xui6, puc, 6opowno, neyumun, [4 cnekmpockonis.

3MeHIIeHHs BMiCTy akpuiiaMigy B P OPMOBAHMX KaPTOILISIHUX Yincax MiiBHIECHOL
Xap40BOi HiHHOCTI

Anmnina KoBtyH, Bononumup Kosbaca, Osner bopTHiuyk,
Onexcannp IlleBuenko, Onekcanap Jlyoope3zos
Hayionanvnuii ynisepcumem xapuosux mexuonoeait, Kuis, Yxpaina

——Ukrainian Journal of Food Science. 2022. Volume 10. Issue 1 103



—— Abstracts

Beryn. Meroto focnifkeHHS € BU3HAYCHHS ONTUMAJIbHUX TEMIIEPATYPHHUX PEXUMIB
BHIIIKaHH-BUCYIIYBaHHS KAPTOILISIHOTO TiCTa JAJIsl 3MEHILICHHS aKpuiiamiay B (hOpMOBaHUX
KapTOIUISHUX Yillcax 3 ITi/IBUIIEHOI0 XapUuOBOIO I[IHHICTIO.

Marepianu i meromu. B sikocti JociiKyBaHO! CHPOBHMHH OOpaHO: KapTOIUISHY
KPYIKY, BUCIBKH KHTa, SIMMEHIO, )KMHUX rapOy30BOro HAaCiHHs], KPIiOMOPOIIKKA OpOKoIi Ta
4YepBOHOro Oypsika. BuzHauanm KUTbKICTh acrnapariHoBol KUCJIOTH, PEAYKYBAILHHUX I[YKDPIB B
OCHOBHIH Ta J0ATKOBIii CHPOBHMHI, a TAKOXK KUIBKICTh YTBOPEHOT'O aKpUJIaMijy B Mpolieci
TEMIIEPaTYPHOro 0OpOOIICHHS TICTOBOT KapTOIUISIHOT MacH.

Pesyabratu i o6roBopennsi. [[ns minBUIIEHHS XapuoBoi LIHHOCTI (opMOBaHHX
KapTOIUISIHUX YilCIB PO3LIMPEHO TPAIUIIHHY CUPOBHHHY 0a3y 3a paxyHOK 3aCTOCYBaHHS
PI3HHX BHCIBOK 3EPHOBHX, J>XMHXY, XapuOBHX BOJIOKOH, IIOPOIIKIB OBOYIB, TOIIO.
PexomennoBaHi onTHMaIbHI TapaMeTpy 00poOJIEHHS KapTOIUITHOTO TicTa IPH TeMIleparypi
125°C Tta TpuBanocrti 4,5 XB 03 3aCTOCYBaHHS POCIMHHKX OJIiM HA BiIMiHY BiJl TPaIUIIHHIX
croco0iB  BUpOOHHUITBA (OPMOBAaHMX KapTOIUIIHMX dUinciB. Bu3HaueHO KUTBKICTB
acrapariHoBoi kucinotd — 190,5 M/t Oinka i penykyBainpHUX ITYKpiB — 0,6 % B KapTOIUIHIN
Kpynui. Y BHCIBKax >KHUTa Ta SIUMEHIO KUIBKICTh acnapariHoBoi kuciota 77,5 ta 72,6 mr/r
Oinka BiAMOBIAHO, Yy XMHXY rapOy3oBoro HaciHHs — 80,5 mr/r Oinka, y Kpiomopomikax
Opokom Ta YepBOoHOro Oypska — 72,5 ta72,9 mr/r Oinka BignoBigHO. MacoBa dYacTka
penyKyBaJbHUX I[KPIB Yy BHCIBKax >kKHTa Ta stameHio ckiamgae 0,74 ta 0,8 %, y kMuxy
rapOy3oBoro HaciHas — 0,5 %, y kpiornopormkax Opokomri Ta yepBoHoro Oypsika — 0,3 ta0,5
%BiamoBinHo. OTprMaHi KiHIEBi IPOAYKTH, B IKUX HE BUSBIJICHO aKpHJIaMi Ty 3aBSIKH 3MiHU
KJIACUYHOI TEXHOJOrii 1 mapamerpiB BHpOOHHITBAa (OPMOBAHMX KAPTOIUISHUX WYIICIiB.
JlocmimKeHo, 10 TPH 3aCTOCYBaHHI KIaCHYHOI TeXHOJIOTi] ()OPMOBAHUX KapTOIUITHUX
YiIICiB KUIBKICTD aKpuilaMiy y TOTOBHX BupoOax cranoBmwia 61 mkr B 100 r npoxykry. B
(hOopMOBaHNX KapTOIUITHHX Yilcax 0e3 omaBaHHS BUCIBOK, KMHXY Ta KpPIOMOpPOIIKIB, SIKi
BHIIKaJIUCS-BUCYITYBaJIUCS, KUTbKICTh akpriiaMigy Oyna 9,35 mxr B 100 r npoxykry.

BucHoBku. YTBOpPEeHHS akpwiaMigy 3aJIeKdTh BiJl XIMIYHOTO CKJIaay CHPOBHHH,
TPHUBAJIOCTI Ta TEMIEPAaTypH BUIIIKAHHI-BUCYIIYBaHHS Ta TEXHOJOT] BHPOOHHIITBA
(hOpMOBaHMX KapTOIUISIHUX YIIICIB.

KirouoBi ciioBa: kapmonnsana Kpynka, 4incu, 8UCiKu, Kpionopouiok, akpuiamio.

BriuB 3HaK03MIHHUX IMITYJIBCIB THCKY HA CEHCOPHI XapaKTePHCTUKH B OpOAMJIbHIl
TeXHOJIOTii

Ipuna Jly6oBkina
Tuemumym mexniunoi mennoghizuxu Hayionanvroi axademii nayx Yrpainu,
Kuis, Yrkpaina

Beryn. Meroro HaykoBOi poOOTH € JOCIIPKEHHS BIUTMBY 3HAKO3MIHHUX IMIYIBCIB
TUCKY B Xap4OBUX BHPOOHHUIITBAX i/l Yac OICP>KAHHS JOCIITHUX 3pa3KiB BHHA, KPIIJICHOTO
BHHA Ta acOLiMOBAaHMX BOJHUX CHUCTEM 1 PO3YMHIB HA CEHCOPHI XapaKTCPHCTUKH Ta
JIeryCTalliiiHe OIliHIOBAHHSI.

Marepianu Ta Metoau. byno BHKOHAaHO aHami3 3MiHM (I3MKO-XIMIYHHX MapaMeTpiB
3pa3KiB BHMHA, KpIIUIGHOrO BMHA Ta acOIIOBAHMX BOJHMX CHUCTEM 1 PO3YHUHIB MiJ Yac
00poOJIeHHs 13 3aCTOCYBaHHSIM 3HAKO3MIHHMX IMIYJIBCIB TUCKY 3 BUKOPHCTAHHSIM Pi3HUX
TEXHOJIOTIYHUX PEXHUMIB. B poOOTI BHKOpHCTaHI 3araJlbHOHAYKOBI Ta CreliaibHI METOAN
JIOCITI/KEHb, & caMe eNeKTPoXiMiuHi MeTonu. OKpiM 1Oro B pOOOTI BUKOPUCTAHHN METOJ
CEHCOPHOT0 aHalli3y 3pa3KiB BHMHA, KPIIUIEHOTO BMHA Ta aCOLIHOBaHMX BOJHHUX CHCTEM 1
PO3YHHIB.
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PesyabraTu i 06roBopeHHsi. B pe3ynbrari 3acTOCYBaHHS 3HAKO3MIHHUX IMITYJIbCIB
TUCKY IMiJl 4ac Of(epKaHHs KPIIUIEHOro BUHA, 3aralibHUil JerycTalliiiHui OaJ mmiBUIUBCS
Ha 7,3%, y MOpiBHAHHI 3 KOHTPOJBHUMH 3pa3kaMy, LIO € JJOCHTh BarOMHUM IOKa3HUKOM
SIKOCTI TOTOBOIO NpoxyKTy. [Tix uac npoBeneHHs: 00poOIeHHS 3HAKO3MIHHUMHU IMITYJIbCAMU
TUCKY BapiroBajioch 4ymcio kapitaiii Big 0.1 mo 0.5, mo m03BONWIO OJepkaTH MiJ 4ac
JIETyCTALITHOTO OLIIHIOBaHHS HaWBHIIMI 3araibHui Oan 8.8. OOrpyHTOBaHO TEXHOJOTIIO
oJiep)KaHHs KPIIUICHOTO BUHA, LIO IOJSIrac y IpoOJIeHHI BHHOTPaly, TpeOeHeBi A IiIeHHI,
HACTOIOBaHHI Cycla Ha M'sA33i, HpecyBaHHA, 30pOIDKYBaHHS Cycna, KylaKyBaHHS,
cnuptyBanHs. ClIMpTYBaHHSI BUHA MPOBOAATH 13 3aCTOCYBAHHSAM 3HAKO3MIHHUX IMITYJIBCIB
TUCKY B YMOBax TiIpoJMHAMIYHOI KaBiTalii 3 uuciom kasitamii 0,3, HIBHIKICTIO 3CYyBY
noroky 2,6-105¢™! Ta Hanpyxennsm 3cyBy noroky 260 Ia.

BucnoBku. 3aransHuii 6as 3pa3kiB BUHA Ta KpIIUICHOTO BHMHA, sIKi OYyJIM ofiepkaHi B
YMOBax 3HaKO3MIHHUX IMITYJIECIB TUCKY, MaB ITiJIBUIICH] TIOKa3HUKHU SKOCTI y IIOPIBHSHHI 3
KOHTPOJIbHAMH 3pa3kamu. Lle HO3UTHBHIM YHHOM BILUTUBAE Ha SKICTh FOTOBOI'O MPOIYKTY.

KarouoBi ciioBa: sunpobysanus, ananis, piokuii, 00pooreHHs, muck.

bioTrexHonoris, Mikpob6ionoris

BniuB HAHOYACTUHOK NMOJABIHHOIO IBO- TA TPHBAJICHTHOI0 OKCHY 3aJ1i3a HA
O0axkTepiocTaTHYHI BJIACTHBOCTI HACIHHSA JTbOHY

Muxkona Psa6unkos!, Ipuna IluxanoscekaZ,

Onexcannp Anexcanmpos?, [enic Kopmibop?
1 — Jlyyvxuti nayionanbHuu mexuiyHutl ynisepcumem, Jlyyok, Yxpaina,
2 — Vkpaincoka inocenepro-nedazoziuna akademis, Xapkie, Yxpaina

Beryn. BuBueHO BIUIMB HAaHOYACTHHOK IMOJBIMHOrO J1BO- Ta TPUBAJIECHTHOTO OKCHIY
3amza (HU FeOxFe,O; — HaHOMarHeTnTy) Ha OakTepiocTaTW4dHi (3aXMCHI) BJIACTHUBOCTI
HaciHHsI JIbOHY MPOTH I'PHOKOBHX 1H(EKIIiI Ta BCTAHOBIICHO 3aJI€XKHICTh 0aKTEPiOCTATUIHUX
BIACTUBOCTEH Bij KimbkocTi HaHoMarHetury (HU FeOxFe,03).

Martepianu i MmeTomu. Mikpocomniune BU3HAY€HHSI MOP(OJIOTIYHUX Ta KYJIBTYPaIbHUX
0COOMHMBOCTEH  MIKpPOMINETIB  (KYIBTYpH APIXKIKIB  Saccharomyces cerevisiae Ta
MinenianeHuX TpubiB Mucor racemosus) Ha arapu3oBaHOMY >KHBHIIBHOMY CEpEIOBHIII.
JocmimHi 3pa3kd MIKPOMIIIETIB ONEPKYBAIH HUITXOM TIOCIBY CTaHIAPTHOI'O MIKpOOHOTO
mpernapaty y BUDISI CycrieH3ii (BUXiTHE po3sederHs mikpoonoi cycnensii 1:100) B gamku
[erpi (vamkoBwuii MeToxn).

Pe3yabraTu i 0droBopenns. BinzHaueHo 31aTHICTS HAHOYACTHHOK MOABIHHOTO JIBO-
Ta TpuBajeHTHOro okcuy 3aniza (H4 FeOxFe,O3 — HaHOMarHeTUTy) CIIpUATH ITOKPAIICHHIO
0aKTepiOCTaTUYHUX (3aXUCHHX ) BIACTHBOCTI HACIHHA TbOHY: nomaBaHHs 0,1%; 0,15%; 0,2%
HaHoOMarHeTuTy B (8—20 pa3iB) NpUTHidye PO3BUTOK MIiKpO(dIopH (MIKPOMILIETIB) Y 3pa3kax
HACIHHSI JIbOHY.

BcranoBiieHo 3MeHIeHHs (MOPIBHSAHO 3 KOHTpojieM): Kinbkocti B (8—10) pasiB Ta
po3mipy B (10-20) pa3iB KoJOHIA MiKpoMilleTiB (IpiXIDKiB Saccharomyces cerevisiae Ta
MilenianbHuX rpubiB Mucor racemosus). BuzHaueHo palioHaJIbHUNA BMICT HAHOYACTHHOK
MO/IBIMHOTO JIBO- Ta TpuBasieHTHOro okcuay 3aiiza (HY FeOxFe,Os; — HaHOMarHerury) —
0,15% Bix Macu peenTypHoOi CyMili.
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3anporoHOBaHa MaTeMaTHYHa MOJENb JIO3BOJNSAE IIPOrHO3YBAaTH €(EKTUBHICTDH
Bukopucranus HY FeOxFe,O3; — HaHOMarHeTuTy B IPUTHIYEHH] POCTY MilleTialIbHUX IPUOiB
(MikpomineriB) st 3a0e3rnedyeHHs OaKTEepiOCTATUYHHMX BJIACTHBOCTEH CHPOBHHHHUX
IHTPEJIIEHTIB, 30KpeMa HACIHHS JIbOHY.

BucHoBok. Brepiie nocimijpkeHO BIUIMB HAHOYACTUHOK IOJBIHHOTO JBO- Ta
TpuBaneHtHoro okcuay 3aniza (HU FeOxFe,O; — nanomarHetuty) Ha OakTepiocTaTH4HI
(3aXHUCHI1) BJaCTHUBOCTI HACIHHS JILOHY.

KiaruoBi caoBa: rnacinusa, avown, nanouwacmunxa, FeOxFe;0; HnanomazHemum,
baxmepiocmamudHuil.

Mpouecu, obnagHaHHA i CUCTEMU KOHTPOJIO

ABTOMATH30BaHi METOAU KePYBAHHA BUTPATH CHPOIY Y BUIIADHOMY anapari 3
nigcucTeMaMu MiATPUMKH NPUAHATTSA pillleHb TA IPOrHO3yBAHHA

Muxaiino I'pama, Bikrop Cimrenpkuii
Hayionanvnuii ynigepcumem xapuosux mexnonocit, Kuis, Ykpaina

Beryn. Mera nipenictaBieHoro JOCIHiKeHHS — OOIPYHTYBaHHS METO/IIB PEryIIOBaHHS
BUTpPaTH CHPONY y BUMAPHOMY amapaTi 3 IiJICHCTEMOIO IPOTHO3YBaHHS, IO JO3BOJIHTH
CIPOTHO3YBAaTH IMOBEAIHKY CHCTEMH Ta IIJCHCTEMOIO NMPUHHATTS pillleHb, SKa 03BOJIUTH
3HU3UTH BIUTUB JIFOJICHKOTO (hakTOpy Ha mepeOdir mpoliecy BUMIaploBaHHS.

Marepianu i metonu. JociikyeTbcs podoTa BUIMAPHOI YCTAHOBKH 3 ITiJICHCTEMOIO
MIPOTHO3YBAHHS Ta MiATPUMKH NPUHHSATTS PIillIeHb NPH PEryJIiOBaHHI BUTpaTu cupomy. B
CXeMi aBTOMAaTH3alil PeryJloBaHHS BUTPATH CHUPOITY B SIKOCTI JaTYNKA BUKOPHUCTOBYIOTHCS
IHAYKUiitHI BUTpaTOMipu. B sKOCTI BHKOHAaBYMX MEXaHI3MiB BHKOPHCTAHO ITHEBMAaTHYHI
CilesTbHI KiTaraHu, 3 BOyZOBaHUM JIPOCENIEM Ta €JIEKTPO-TTHEBMOIIEPETBOPIOBAYEM.

Pesyabratm i o00rosopeHHsi. BHKOpHCTaHHS HEWPOHEUITKHX  PETYISTOPIB
BiIOYBAETHCSI JIMIIE B OKPEMHX CIEIM(IYHMX BUIAJKaX IHTENEKTYaJbHOrO KEepyBaHHS
Npollecy BUMApIOBaHHS, BIJCYTHI J[aHi TIOPIBHSIHHS 3aCTOCYBAaHHS IHTENEKTYaJIbHHUX
peryiaTopiB 3 KJIACHYHUMH, MOXJIMBOCTI KOMOIHYBaHHS pOOOTH KIIBKOX THIIIB
IHTEJIEKTYalIbHUX PETYISATOPIB, @ TaKOX UITKMX 3ac00iB NPOTHO3YyBaHHA iX poOOTH Ta
MATPUMKH TPUHHATTS pimieHs. Tomy y naHii podoTi 00rpyHTOBaHO MiICHCTEMY IPUHHATTS
pilieHp, sKa J03BOJMJIA OL[IHWUTH IPIOPUTETH 3aIlUTIB KOPUCTYBA4iB NPH BUKOPUCTAHHI
JIIOAMHO-MaIMHHEOTrO iHTepdeiicy. HaliBummii npiopurer oTpuMaB 3amiT Ha BUBEICHHS
iHpopMamii Tpo MOXIJIMBE BHECEHHS 3MiH J0 HapaMeTpiB PEryJioBaHHS iHIIUX KOHTYpPiB
perymoBaHHs. Takox OyJI0 BUKOPHCTAaHO METO[] IIPOTHO3YBAaHHS ISl TIOPIBHSHHS METO/IIB
pEryiIoBaHHS BUTpAaTH CHUPOIy B amapari, II0 IO03BOJMIO CIPOTHO3YBAaTH MOBEIIHKY
cucTeMH TpH (JOPMYBAaHHI YHPaBIISIOYOro JiSTHHS Ta BUBECTU T'OTOBUII NMPOTHO3 Ha €KpaH
orepaTopa Ta, TAKMM YMHOM, IiJBUIIUTH €PEKTHBHICTH POOOTH BHIApHOI cTaHIii. bymo
310paHO CTATUCTHYHI JaHi MOBEIIHKA KOHTYDPIB CUCTEMH aBTOMATH3allil Y PI3HUX peKHMaX
poOOTH 3 BUKOPUCTAHHSIM IHTENIEKTYaJbHUX Ta KIACHMYHUX PEryISATOpiB 1 MOOYIOBaHO
MOJIeTIb IIPOTCHO3yBaHHS POOOTH BHIIAPHOI CTaHIii METOAOM JIOKalbHOI TEHJCHIl Ta
PO3pO0JIEHO aNrOpUTM MPOTHO3YBAaHHsS. TakoK OLIHEHO TOYHICTh OTPUMaHOl Mopeli
nporHo3yBaHHs. To4HICTH Mozeni nporHo3yBaHHs ckiana 98% mna II/I-perynsaropa, 95%
UL HEUPOHEUITKOro perynsaTopa Ta 96% aist HeHpoMepesKeBoro.
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BucnoBku. Mozernb A MporHo3yBaHHs poOOTH BUIIAPHOT CTaHIIT XapaKTepHU3yeThCs
BHCOKOIO TOYHICTIO B I[IJIOMY, aJie MiJl YaC BUHMKHEHHS KOJIMBaHb Y MEPEXiHOMY IpOoIeci
BUHUKA€ HECYTTEBE 3alli3HEHHS MPOIHO3YBAHHA LUX KOMHMBaHb. HalOinbIn BayKIMBOIO IPH
BHBEJICHH] 1HQopMallii MiACHCTEMOIO PUHUHATTS pillieHb € (YHKIIis BUBeneHHs iH(opmarii
PO MOXKJIBE BHECEHHSI 3MIH JI0 MapaMeTPiB PEryJIFOBaHHs IHIIMX KOHTYPIB PeryIrOBaHH:.

KuniouoBi ciioBa: sunaprosannsa, eumpama, cupon, cucmema, npocHO3Y8aHHs.
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