CUCTEMMU YTPABJIIHHSI TA OGPOBKN IHOOPMALJIT

YK 004.896 doi: 10.20998/2078-5364.2022.3.07

Ilyunin O., Cand. of Eng. Sc., sr. lecturer, Khodak M., PhD student,
Yurchenko O., master student, Sapeha O., master student

FUZZY ESTIMATION PROCEDURE OF THE CONCENTRATION
OF THE COMPONENTS OF A SULFURIC ACID PICKLING SOLUTION

Kharkiv National University of Radioelectronics, Kharkiv

Keywords: classifier, fuzzy c-means method, computer vision, membership function,
solution’s component, concentration

The task of many technological processes (TP) is to maintain the optimal level of
concentration of the individual components of the working solutions. The lack of operational
and objective information about the change in the composition leads to a decrease in
productivity, overspending of solutions, and often to an emergency stop of the equipment.
Similar problems arise in the following processes: heating of circulating water in district
heating and formation of deposits on heat exchange plates, sedimentation of ferrous sulfate
monohydrate in the bath and on heat exchange plates of continuous pickling lines in
metallurgy. Sulfuric acid is one of the most important industrial acids with a production
volume of more than 190 million tons per year with an annual growth of about 1.8% [1]. One
common process in metallurgy is steel pickling and descaling. Moreover, the number of
enterprises using sulfuric acid exceeds the number of enterprises using other acids [2].
Sulfuric acid pickling wastes include sludge, acidic water, ferrous sulfates, metal salts and
spent acid. Pickling sludge is the most hazardous waste according to the EPA [3]. In
continuous pickling lines for carbon steel, solutions have to be regenerated in large volumes
or discharged into process water for neutralization, followed by water treatment and
preparation of a new fresh solution. All these activities increase the operational, resource and
energy costs of the process, as well as pollute agricultural areas: they acidify and saline the
soil. The process of continuous sulfuric acid pickling of carbon steel is carried out on a
pickling line consisting of several pickling baths. The process medium is a pickling solution,
which is dilute sulfuric acid. The pickling solution removes oxides and other impurities, but
also partially dissolves the steel surface. Therefore, it is necessary to control such process
parameters as holding time, temperature and composition of the pickling solution in the baths.
At present, the heating of the pickling solution in special plate heat exchangers with the
regulation of its temperature is a progressive trend in sulfuric acid pickling [4—6].

Controlling the composition of pickling solution components in pickling baths is a
complex task, directly related to the final quality of the pickled steel strip and the efficiency of
the pickling line. Fuzzy systems (FSs) originated from the fuzzy set theory proposed by
Zadeh in 1965 [7], which are based on fuzzy rules. As soft computing techniques, FSs have
achieved great success in dealing with numerous problems of uncertainty, such as the
prediction of the irrigation water infiltration rate [8], the seismic vulnerability assessment of
buildings [9-11], the automatic classification of crop disease images [12], etc. FSs are more
interpretable and intuitive methods that can match any set of input—output data by each fuzzy
rule [13].

Numerous mathematical models of salt crystallization in solutions often do not allow
one to determine the course of the process with sufficient accuracy, although they take into
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account additional factors of deposit accumulation with an increase in the number of deposit
crystallization centers [14]. The main drawback of these models is the absence in each case of
sufficient information about the values of the concentrations of the individual components of
the solution. The existing methods and equipment for monitoring the composition of solutions
require additional laboratory analysis with mandatory operational personal participation or are
not universal enough in terms of the composition of solutions. Currently, methods of direct
chemical titration and non-destructive testing (NDT) or non-contact methods are used to
measure the maximum permissible concentration (PC) of salts in a pickling solution. The
electrical NDT method, with high sensitivity and relative simplicity of instrumental
implementation, is one of the most informative. Opportunities for operational control of the
concentration of electrolytes in solutions (which are a solution of ferrous sulfate in sulfuric
acid) opens up a direct measurement of electrical conductivity. But existing analyzers are
designed to measure pickling with hydrochloric acid, which is a fairly stable ternary salt
system. The analyzers allow to measure the total pH in the temperature range of the solution
T=5+80 °C, but do not allow to determine the concentration of the solution components
separately in an aggressive sulphate environment.

In the case of sulfuric acid pickling, one of the main problems is the presence of
FeSO 4 salts in the pickling solution in three forms: FeSO 4<7H 20, FeSO 4+4H 20,
FeSO 4+H 20. Ferrous sulfate salts are formed as a result of the reaction of carbon steel mill
scale and its iron part with sulfuric acid. The use of exact analytical relationships to predict
this process is not always correct. Ferrous sulfate heptahydrate FeSO 4+7H 20 and iron
sulfate monohydrate FeSO 4+*H 20 have the main influence on the process of sulfuric acid
pickling. As the acid content in the pickling solution decreases, the content of iron sulfates
increases accordingly. With the addition of sulfuric acid, the pickling process continues, but
the content of iron sulfates increases. Under certain conditions of temperature and
concentration, the pickling solution will contain only the allowable amount of dissolved salts,
otherwise the excess will begin to crystallize. At the metallurgical enterprises of Ukraine, a
solution of sulfuric acid with a concentration of up to 2024 % and a solution temperature
range of 7=85+98 °C is traditionally used as a pickling solution. In this range of parameters,
the total presence of FeSO 4 salts in the pickling solution is set by the technological
regulation at the level of 15 %, and the presence of FeSO 4+H 20 is regulated by the limit of
4 %, which will lead to the maximum pickling rate. During sulfuric acid pickling, conditions
may arise when ferrous sulfate crystals will change from one type to another. The phase
transition [15] of ferrous sulfate heptahydrate (transparent green large crystals, soluble in hot
water) to ferrous sulfate monohydrate (very fine white cement-like precipitate, insoluble)
begins when the temperature of the solution reaches 7= 80 °C and leads to precipitation of the
monohydrate on heat exchange surfaces heat exchangers or heating elements of pickling
baths, bath walls, etc., which makes the pickling process difficult or abends enough.

Among modern non-contact systems for determining the composition, ultrasonic
seemed to be ideal. But in the case of sulfuric acid pickling, this method has a drawback.
Ultrasonication can cause crystallization of salts in the pickling solution to be about a hundred
times more intense than under normal conditions, and can lead to unpredictable formation of
FeSO 4 n-hydrates, which significantly reduces the quality of the pickling solution.

Eftective control of continuous technological processes is possible only on the basis of
the creation of more accurate models and methods, which must be insensitive to significant
noise and measurement errors. Such requirements are met by intelligent methods for
monitoring and identifying dynamic systems that are operated with significant uncertainty
about the characteristics of the object and the environment, based on the combination of the
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principles of artificial neural networks and fuzzy control theory. Various aspects of the
intellectual identification of objects and their parameters were studied. However, there are
three challenges at least in developing optimal FSs through the analysis of the research status:

— optimizing FSs to achieve higher accuracy and faster convergence is now worthy of
in depth study;

— the number of fuzzy rules increases exponentially with the dimensionality of the
input, which leads to the computation not being able to be completed within a reasonable
time. Hence, it is difficult for FSs to deal with high-dimensional problems;

— as the number of fuzzy rules increases, the interpretability of FSs will be affected.
Therefore, how to solve the high-dimensional problem on the basis of ensuring better
interpretability is one of the current bottlenecks. In recent years, great efforts have been made
to improve FSs [16].

The adaptive neuro-fuzzy inference system (ANFIS) formed by the gradient descent
(GD) algorithm plus least squares estimation (LSE) has been widely applied in national
energy demand forecasting [17], geographic temperature forecasting [18], and so on. The
SC-ANFIS is proposed in this paper, which applies subtractive clustering (SC) to construct a
Sugeno fuzzy inference system in the ANFIS. The SC-ANFIS can effectively avoid the
combinatorial explosion of fuzzy rules when the dimensionality of the input is very high. In
addition, the fuzzy rules generated by SC are more consistent with the data than those
obtained without clustering. The input space can be divided appropriately, and the number of
membership functions (MFs) and the parameters for each input domain can be reasonably
determined [19]. Two methods to construct fuzzy inference systems are known and used well:

— fuzzy c-means clustering;

— grid partitioning [20].

Relevant studies have demonstrated that the performance of the Gaussian MF is better
than others in many nonlinear complex problems [21, 22]. In view of the foregoing, the
present paper is devoted to development of an inexpensive intelligent method for identifying
the composition of technological liquid solutions based on fuzzy c-means clustering (FCM).
The system is considered as one of the ways to control the concentration of FeSO 4 in the
pickling solution and the consumption of sulfuric acid for the process of continuous pickling
of carbon steel. The development of methods for monitoring the PC of iron sulfate salts is
relevant for conducting the pickling process with maximum efficiency.

There are no reliable and fully automated methods in the task of selective color
segmentation yet. To solve them in a natural way, fuzzy soft approximations can be used [23].
Ferrous sulfate salts which affect the quality of the pickling solution are presented as three
compounds [24] (see Table 1).

Table 1 — Color classifier of FeSO 4 n-hydrates

Chemical Formation Color LR-interval estimation of
k formula temperature, cluster RGB - code of color
OC R L-R G L-R B L-R
1 | FeSO 4+ 7H 20 21< clearly 1 11145 | 147+183 | 81+111
green
2 | FeSO 4 +4H 20 >=21 green 0+2 128+125 | 64+82
3 |FeSO 4+1H 20 >= 80 white | 245+255 | 245+255 | 245+255
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For definite values of bath temperature and pickling liquor flow rate through heat
exchangers the concentration change dc of FeSO 4 influences on pickling line processing
efficiency. These changes estimated with fuzzy intervals are significant disturbance factors of
uncertainty for the process. This dynamic process may be characterized with monotonic
function Cr, 4(?) non-decreasing on interval (0, #,) and limited with the value sup(c(t)) = c. If
summary PC of FeSO_4 *nH_20 in liquor reaches C p.50 4 (t) = ¢, the system becomes
ineffective or stops abnormally. The control action for such state is the solution refreshment.
The part of liquor is regenerated in unit and fresh regenerated pickling solution is supplied to
bath till reaching scheduled Cr,s 4 (1,1 4t,) = c¢,. The proposed approach saves the solution in
process up to 25%, reducing the harmful emission and working solution consumption.

The process still is effective in case PC of H_2SO_4 belongs to interval Cy 550 , = (a;
a) and becomes ineffective or stops in case PC reaches value Cy 550 , = b. Segments X1, X2,
X3 in Fig. 1 represent an integrated assessment of savings flow solution. Control actions are
generated on the base of monitored c(?) values (partial or complete refreshment or full update
of pickling bath solution, heat exchanger cleaning with turning on the back-up one). The
modeled object is represented as a black box, characterized by a lack of information about
what physical phenomena is happening inside itself [25].

(‘st o, The propesed approach result
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Figure 1 — Pickling solution refreshment

The development of the production model is the formation of the rule set R with a
minimum number & that describe a mapping of its inputs (the vector X,) to the output Y, which
will provide the most accurate approximation of the real system in the sense of average
absolute error [26]. Each of k rules specify some fuzzy point in the display space defined
Cartesian product X, x X, x... X, x Y in the next form:

R, IF (x;=a,;) AND (x,= a,) ... AND (x,~ a,) THEN (y,;= b,),
o 0o 0 00 (1)
Ry IF (x;=z;) AND (x,=z,) ... AND (x,~= z,) THEN (v;= by).

A fuzzy graph in the display space is formed from a set of fuzzy points. The
mechanism of interpolation between points depends on the used tools of fuzzy logic. The
approach of active salts concentration c¢(z) measurements in the pickling bath based on fuzzy
estimation of this value with using the classifier is proposed. In general, the problem of
classification is to determine the size and location of the MFs of the individual classes in the
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feature space X;x X, x... X,. The structure of each classifier string is presented below:
<CL, X, ST, R (Y, x)>, (2)

where CL — class label < color of the salts in the test solution volume >, X — < valid interval
characteristic values in the Red-Green-Blue (RGB) color coordinate space >, ST — < area of
the salts in the test solution volume >, R(Y, x) — is a set (defined on the set X) of fuzzy interval
estimations of Y — <values of parameters measured in series of N measurements of salt
concentration >. The process of knowledge extracting about the object [27] is to obtain
statistics of the measurement inputs — (X, S7 and R) and output (c).

The proposed intelligent identification method is implemented in the production site of
control of solution parameters in the following composition of technical means:

— developed software;

— light source of constant calibrated spectrum, which depends on the optical properties
of the components of the solution placed under the cuvette;

— dispensers;

— a cuvette for a solution that is automatically washed before each measurement with a
given period of 7,,,, < 45 min;

— digital photo-recorder-analyzer FESTO SBOC-Q for 6 million pixels (with a matrix
of 1280 x 1024 pixels, shooting speed 150 frames/s) with a data channel (USB, RS-485,
HDMI), which forms graphic image files of the pickling solution in the cuvette in graphic
format.

After the time interval equal to 0.1-7,,(Crso o (Fig.1), the dosed volume of the
solution, circulating through the technological circuit "bath-heat exchanger-bath", is taken and
placed in a cuvette. The solution dose is analyzed using an optical microscope and a digital
camera that generates 2D graphic files in .JPG and .PNG format. These files are processed by
the computer vision methods image identification system, developed in Open Source
Computer Vision Library [28]. After recording the obtained measurements in the database to
build a classifier, the same dose of the solution is analyzed by the dry residue method to
obtain reference salt concentration values. The method of optical segmented color
identification used in the system [29] was partly applied to instantaneously measure mineral
concentrations in flotation froths and other stages of beneficiation processes [30]. The system
of ferrous sulfates n-hydrates image identification according to color and occupied area has to
analyze automatically the images and classify each pixel of the image according four objects
(FeSO 4 <7H 20, FeSO 4 +4H 20, FeSO 4 *H 20 and pickling solution background
color). It calculates the volumetric parts of analyzed objects (%), their weight parts (%), and
their surface area per unit of volume (cm2 /cm3).

The system is able to analyze up to 256 images step by step, keep them in memory as
a table and present these data as graphical plots for dispersion. Each from m measurements,
that is equivalent to fixed state of pickling line, is a quantitative estimation V, of the k-th
hydrate presence: the surface occupied by appropriate color is calculated according to pixels
with color code number V,(RGB) taking into account:

Vi =8¢ Vi(RGB), (3)

where Vi (RGB) describes the membership of a pixel in the A-th color cluster according to the
RGB code LR-interval (see Table 1) and takes the values 0 or 1 in the case of clear visibility of
the color class; S, — the number of pixels allocated to the k-th color cluster, defined by images
analysis results. In general, during the setting of classifier the boundaries of the classes
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definition region can change in the space X,. This leads to a situation where two classes are
almost identical and cannot be distinguished. The classical evaluation of an object x;
belonging to a specific i-cluster is the smallest Euclidean distance between estimated object
and centers of classes ci selection:

dij = [|xj-ci | =[ X (cLi-x L2 1%, 4)
where [=1,...n; ci — is the coordinate of the cluster center relative to the axis OX/ in space Xn ;
xj — 1s the coordinate of the classified object relative to the OX/ axis.

The prototype of Graphic User Interface (GUI) of FCM identification method of the
process liquid solutions composition in Integrated Development Environment “Processing
3.0” based on C++ programming language under operation system Windows 10 using Open
Source Computer Vision Library was developed. The presentation of GUI is illustrated in Fig.
2.

[Object g C_‘":| [Choose]
F FeS04-4H20 . - m
(" Bq.backgr .
¢ rsoeo [ /|
" Fe504°H0 D D.
_Volume ratio  Mass ratio  Pixels
FeS04:1H20 = 0% [ 0% 0%
FeSO404H20= 0% [= 0% 0%
FeS04:7H20/= 0%, |=0% 0%
lig. backgr. = 0% [ 0% 0%
|Surface per unit volume, sm?/sm?||C_ g/ ‘
FeSO4:1H20 =0% £y [=0%
FeS0404H20 = (% = =0%
Fes04:7H20 = 0% @ = 0%

Figure 2 — The presentation of application GUI

On the basis of statistics estimates of distances it is possible to construct radial
membership functions V,(RGB) [15], but it is not effectively in case of large dimension X,,.
The proposed method uses a fuzzy classification with two-dimensional projections of
multidimensional clusters [11]. Classes are clearly separated from each other and holding the
classification is not difficult in our case. Simultaneously the test titration to measure Cp,go4(%;)
and measurement of V(t,) are carried out at the #, moment. Also / series of N, reference
measurements of concentration of the k-th salt c(7,) is made by gravimetric analysis of the dry
residue with satisfactory accuracy J,.

On the base of statistical data on the state of salts in solution, obtained by the method
of fuzzy classification, the membership functions u(V,(t)) are formed. The membership
function p(x) establishes the accordance between actually measured values of V(?) and value
of Cy(t), establishing next relations:

Vi— Cy. (5)

The algorithm of the FCM-method is well known, has positively proven itself in
solving tasks of this type, and is not given in this paper in detail. The formation and
configuration of the classifier is made under the following assumptions: the 4-th salt is clearly
related to the class on the basis of color, are known its footprint with a relative accuracy of 1
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pixel to 10° pixels (feature digital camera FESTO SBOC-Q) and mass, the specific
volumeresistance of mist in the test samples of dimensions. Given that the measurement
accuracy of the inputparameter of 0.005%, is not difficult to split samples of measurements
between clusters. Function Cr,.so 4(?) = f(Vi(t)) is considered to be one-dimensional, monotone
and non-decreasing. Measurements are taken at equal time intervals. The configuring of
classifier is based on a common clustering k-means method for one-dimensional case [26].

The number of clusters in each of the / series, consisting of N measurements, is
determined empirically — according to the frequency of manifestations and by the modal
number of input and output values in a series of measurements. Each element of the sample of
measurements is included in the closest cluster. The inclusion of elements into clusters can be
done on the basis of (4). The median (center) of the i-th cluster in the input coordinate of v is
determined by the cumulative [28], taking into account all of the included elements according
to the formula:

my(t) = UN, Y (1), i=1,...,I; j=I,...N.. (6)

Three experimental series of a total elements number of 48 measurements (v, ¢;) for
FeSO 4 « H 20 at intervals of input values e; — size of the interval in which the cluster lies,
the medians of the input and output values were get. A series of n measurements forms a
single cluster. As maximal close to v, the i-th cluster is defined according to formula (4):

MIN@,) = || my; - v, |I, j=1,..L (7)

Representation of ¢;* in a neighborhood of a point v; = v; £ A can be calculated by
using Gaussian MFs according to the formula:

¢i*= Yoy exp [-(vey)124%) | Texp [-(v-v) 207, ®)

where (v, ¢;) — are the points of the real n measurements; j=1,...,n; A — configurable
value of the variation of the cluster membership function, which typically assigns a value:

A =1/3-MIN || my; - v; ||, Av; € (my; - 0.5¢e;; my; +0.5¢,), 9)

where e, — is the size of the interval in which the cluster lies. The calculation of the distance of
the displacement of the clusters centers relatively to their positions in the previous cycle
clustering (z-1) (by accident for the first time) is carried out in accordance with following
expression:

dm(t) = || mi(1) - my(t-1)]]. (10)
If the minimum offset dm; does not satisfy the specified condition:
MIN (dmyt) <A, , i=1,..,k (11)

we will return to the allocation of elements to clusters. Otherwise, the adjustment of cluster
centers m; ends and moves to the next step. The condition (11) is not fulfilled and another
iteration is carried out until the offset of values of the cluster centers will satisfy the accuracy
requirements. Given the uneven distribution of cluster centers in the input space, as well as
possible increasing the dimension of the model, it is appropriate to use Gaussian MFs [22] of
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formula (9):
un(x)= exp [-(m- x)*12A*], i=1,....k (12)

In the absence of measurements in a neighborhood of the coordinate system origin the
dummy cluster, completely excluding any element, is declared (m,, =0.00). The value of 9, is
chosen to be equal one-third the distance |m;- m,,,| in the input space } in accordance to (9).

The exception (12) for the /-st cluster is transformed in the asymmetric Gaussian
function:

(V)= exp [-(m- v)*12(wA,; "+ (1-w A, 7)), (13)
where m; = my;, =25.33; w — auxiliary Boolean variable of the next form:
w={1,0}, w=1 [v: 0=v<m,. (14)

As a result of the clusters projection in the input space V my,; = 25.33, my, =178, m; =
255.33 are obtained. Output single-point MFs are defined in points m; = 46.67, mc, = 210.67,
me; = 313. The value ¢(v) at the output of the fuzzy model is calculated by the formula (8).
The membership functions of input and output parameters are presented in Fig.3.
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|
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b}

V(i) lﬂ-spi.\'el

Figure 3 — Resulting fuzzy dependence of c(v) the resulting clustering and membership functions

After definition of such dependencies for all kinds of salts from Table 1 and the
dependence of the form ¢(V), we have the possibility to carry out the operational control of
salts’ PC, and indirectly to determine the dynamic changes in the concentration of pickling
solution Cs with the recalculation of the mass of the SO 4 groups in FeSO 4 n-hydrates.
Within the cluster, the integrated function (8) is implemented using Gaussian MFs by the
FCM — method, v; and v, ; are accepted as the centers of neighboring classes. The current
value of v(¢) = x, obtained during the execution of TP, belong to the i-th class by the criterion
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of the minimum Euclidean distance from the estimated object to the center of the i-th cluster —
Vi

Simultaneous accounting of the number of pixels of certain colors using computer
vision tools corresponding to different types of salts in a solution makes it possible to fuzzy
estimate the concentrations of several components of the solution at the same time. The
proposed approach is based on measuring changes in the physical properties of solutions
caused by the change in the concentration of the individual components. The obtained
dependencies can form the basis of software converter for fuzzy estimation of the
concentration of salts in solution.

It should be noted, that the greatest influence on the process has a change in the
concentration of FeSO 4 <H 20. Approbation of the proposed procedure showed the
following result [31]: acid consumption for the pickling process was reduced from 1230 to
976 kg/h approximately while maintaining the same capacity of the pickling line.

The model for this type of monohydrate must take into account the errors associated
with the presence of measurement noise. The following is proposed for this purpose. The
range of initial values of the monohydrate FeSO 4 *H 20 concentration C is divided into
segments having the same width, due to the required accuracy of measurements Jd.;. The
formation of the neurofuzzy model is carried out based on the results of experimental serial
measurements in M reference points of the model — cluster centers (V, , C,) with uniform
sampling step and segments of values ((n-1)d¢;, noc;), n=1,2,... M, where M is estimated as:

M =[C,/5C,). (15)

Fuzzy sets C,, formed at the output of the model in the process of data accumulation
are replaced by singletons (cluster medians), which coincide with the modal values C; = d;,
C, = 20¢p..., C, = noc;, to the maximum allowable value according to the process
requirements:

C, =sup(c(t)= c,. (16)

After adaptation, the presented procedure can also be used for evaluation of the rolled
steel surface treatment quality by the number of areas of different colors defects at the exit of
the pickling line. Also, it is planned to be applied the proposed procedure to build a coolant
supply flow controller to control the temperature of the solution: class medians are built at
reference points with known parameters of the flow valves.
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Lmronin O.0., K.Te€XH.H., CT.BUKIL., Xomak M.B., aciipaHT,
Opuenxko O.B., crynent marictp., Canera O.A., CTyI€HT MaricTp.

METOJI HEYITKOI OIITHKY KOHIEHTPAIIi KOMIIOHEHTIB
TPABUJILHOT'O PO3YMHY CIPYAHOI KMCJIOTH

CratTs npucBsilu€HA MUTAHHIO BU3HAYEHHS PIBHS KOHLIEHTpALlll OKPEMUX KOMIIOHEHTIB
poOOUYMX PO3YMHIB. AKTYyaJIbHICTh TEMH MOJISTa€ B TOMY, LIO JEsKi JOMIIIKM B pO3UYMHAX
(HampuKiaa, MpU TPaBJIEHHI CTajll) HEMOXKJIMBO BUMIPIOBATH B aBTOMaTUYHOMY PEXHUMI, 110
3HWXKYE €(QEeKTHBHICTh TEXHOJIOTIYHOIO MpoLecy 1 30UIblIye HaBaHTAXEHHS Ha AUISTHKY
pereHepairii po3unHy. TakoX MOMIIIKA € IIKIJIMBUMH BIIXOAaMH JJII HABKOJUIITHHOTO
CEepe0BUINA Ta JIIOIUHH.

Po3pobka MeTomy oOmepaTMBHOIO KOHTPOJIIO CKJIaJy KOMIIOHEHTIB TPaBUIbHOIO
pO3YMHY TpaBWJIBHMX BaHHAX € OCHOBHUM 3aBIaHHAM poOoTu. JlaHo pokiajgHe
oOrpyHTyBaHHs BHOOpY MaTeMaTW4yHOro amapary merony. llporec HewiTkoi ineHTH(ikamii
CKJaay KOMIIOHEHTIB 3JIHCHIOETbCA 3@ KIJIBKICTIO MIKCETiB 3 MNEBHUMU LUPPOBUMHU
xoiipauMu RGB-konamu 3 nu@poBux 300pa’keHb KOHTPOJIBHUX /103 po3unHy. OnucaHo Hadip
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TEXHIYHUX 3ac00iB 3a0e3MeYeHHs METOAY I MPAKTUYHOI pealizaiii B TEXHOJOTIYHOMY
npoueci. [lpencraBnenuit  mpororun rpadiyHoro iHTepdeiicy kopuctyBada (GUI)
3allPpONIOHOBAHOTO  METOMy iAeHTHU(IKalii CKJIaxy TEXHOJOTIYHUX PIAKHX PO3YMHIB,
po3pobieHuit B iHTerpoBaHOMYy cepenoBuin Processing 3.0 3 BHKOPHUCTAHHSM JOJATKiB
Bizkputoi 6i6morexn Open Source Computer Vision Library.

3anporOHOBAHO METOAMKY BWJIYYEHHS EKCIIEPUMEHTANbHUX JAHWX /TSI HAalIOBHEHHS
0a3u HewiTKOro kiacudikaropa omopHUMH Toukamu moxeni. CyTh ii monsrae B 0JJHOYaCHUX
BUMipax KOHIIEHTpAIii KOMIIOHEHT TpPAaBWJIFHOTO PO3YMHY KIACHYHUMH METOAAMH
TUTPYBAaHHS 1 CyXUX 3JUIIKIB 1 MPONOHOBAHHM METOAOM 3 KpPOKOM, IO JOPIBHIOE
pernmamMeHToBaHOi TOUHOCTI. HaBeneHo pe3ynbraru anpo0ariii 3armpornoHOBaHOTO METOY.

[IpencraBnena MeToauKa OTPUMAHHS HEYITKOro Kiacudikaropa Moxke OyTu
BHUKOPHCTaHa I po3po0ku [ T-iHCTpYMEHTIB OMepaTUBHOTO KOHTPOJIIO CKJIaAy PI3HUX PIAKUX
PO3UYMHIB 3 HEMPO30PUMH KOJIHOPOBUMH KOMIIOHEHTaMHM 1 KOJIpHOI imeHTudikarii nedekris
pI3HUX TUIOCKMX TIOBEPXOHb 3a YMOBH 1iX KOJNIPHOI TIOMITHOCTI 1 BHU3HAYEHHS MEX
RGB-inTepBaiiB OI[iHOK KOJIBOPY OKPEMHUX KOMIIOHEHT (JIC(EKTIB).

KiarouoBi ciaoBa: knacudikarop, METOI HEUITKHX CEpeAHiX, KOMIT IOTEPHHUH 3ip,
(GyHKIIIS HANE)KHOCT1, KOMIOHEHT TPABUIBHOTO PO3YUHY, KOHLIEHTPALLis.

Nmonun O.0O., K.TexXH.H., cT.Ipen., Xonak M.B., acnupanr,
IOpuenko A.B., crynent maructp., Canera A.A., CTYIEHT MarucTp

METO/I HEYETKOI OIIEHKM KOHIIEHTPALIMM KOMIIOHEHTOB
CEPHOKHMCJIOTHOI'O TPABUJILHOI'O PACTBOPA

Crarbs MOCBAIICHA BONPOCY ONPEACICHHUS YPOBHS KOHIIGHTPALUHU OTANbHBIX CTaThs
MIOCBSIIEHA BOIIPOCY OIPEAESICHUS] YPOBHS KOHIIEHTPALUHU OT/IEIbHBIX KOMIIOHEHTOB pabounx
pacTBOPOB. AKTYaJIbHOCTh TEMbI 3aKIIOYAETCSI B TOM, YTO HEKOTOPbIE IPUMECH B pacTBOpax
(HampuMep, TOpU TpaBIEHUM CTajdM) HE MPEICTABISACTCS BO3MOXKHBIM H3MEpSTh B
aBTOMaTHUYECKOM PpEXHME, UYTO CHMXKAeT I(PPEKTHUBHOCTb TEXHOJIOTMYECKOro Ipouecca U
YBEIMYMBAET HArpy3Ky Ha YYacTOK pereHepali pacTBopa. Takke NpPUMECH SBISIOTCS
BPEIHBIMHU OTXO/IaMU JUTSI OKPY’KAIOIIEH CPEbl U YeTIOBEKa.

PazpaboTka MeTona OIEpaTHBHOIO KOHTPOJS COCTaBa KOMIIOHEHTOB TPAaBHJIBHOTO
pacTBOpa B TpaBWJIBHBIX BaHHAX fBJSETCS OCHOBHOM 3ajnaueil pabotel. JlaHO monmpoGHOe
o0OCHOBaHME BBIOOpPa  MaTeMaTHuYeckoro ammapara Mmeroja. Ilpomecc  HeueTkoit
WICHTU(QHUKAIINA COCTaBa KOMIIOHEHTOB OCYIIECTBISETCS IO KOJHYECTBY IHKCEIEH C
orpeneieHHBIMH  IU(GPOBBIMUA 11BeTOBBIMU RGB-komamMu w3  1uQpoBBIX  M300paskeHUA
KOHTPOJIBHBIX 7103 pacTBopa. Onucan HabOp TEXHUUYECKUX CPEACTB 00eCTIeueHUs] METOo/Ia st
NPaKTUYECKOW peanu3alii B TEXHOJIOTMYECKOM Ipouecce. llpencraBieH HpOTOTHIT
rpagudeckoro  mnoijb3oBarensckoro — uHTepdeiica  (GUI)  mpemmaraemoro — metona
UICHTU(QUKALMM COCTaBa TEXHOJIOTMYECKUX JKMIKUX pacTBOpOB, pa3pabOTaHHBIA B
UHTErpupoBaHHOW cpene Processing 3.0 ¢ HCHONb30BaHMEM MPHIOKEHUH OTKPBHITON
oubmuotkexu Open Source Computer Vision Library.

[Ipenyioxkena MeToMKa M3BICUEHHS SKCIEPUMEHTATIbHBIX JAAHHBIX ISl HANIOJTHEHUS
0a3pl HEYeTKoro Kiaccu(ukaTopa OMOpPHBIMM ToukamMu Mozaenu. CyThb ee COCTOUT B
OJHOBPEMEHHBIX ~ U3MEPEHHUSX  KOHLIEHTPAalMM  KOMIIOHEHT TPaBWJIBHOTO  PacTBOpa
KJIACCHYECKUMH METOJJaMH THUTPOBAHHS M CYXHX OCTaTKOB W TIpelaraéMbIM METOIOM C
IIaroM, PaBHBIM PEIIAMEHTHPOBAHHOW TOYHOCTH. I[IpuBeneHBl pe3ynbTaThl anpodanuu
IpeaIaraéMoro MeToja.

[IpencraBneHHass MeTOJMKa IOMYYEHHMsS HEUETKOro KiacCU(pHUKaTopa MOXKET ObITh
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UCIIOJIb30BaHa Il pa3paboTku W T-MHCTPYMEHTOB OIEPaTHBHOTO KOHTPOJI COCTaBa
pPa3IMYHBIX JKUJKUX PACTBOPOB C HEMPO3PAYHBIMH I[BETHHIMH KOMITIOHEHTAMH W I[BETOBOM
uaeHTu(GUKauu 1e(eKTOB pa3InyHbIX IJIOCKUX MOBEPXHOCTEH MpPH YCIOBHM MX LIBETOBOU
pasnuuuMocTd M ompeneneHuss rpanull RGB —uHTEpBajIoB OLIGHOK IBETa OTACIBHBIX
KOMITOHEHT (Ie(EeKTOB).

KiroueBbie cioBa: kinaccuukarop, METOJ HEYETKHX CpPEOHHX, KOMIIBIOTEPHOE
3peHue, GYHKIUS PUHAIICHKHOCTH, KOMIIOHEHT TPAaBHIILHOTO PACTBOPA, KOHIICHTPAIIHS.

[lyunin O.0., Khodak M.V., Yurchenko O.V., Sapeha O.A.

FUZZY ESTIMATION PROCEDURE OF OF THE CONCENTRATION
OF THE COMPONENTS OF A SULFURIC ACID PICKLING SOLUTION

The article is devoted to the issue of determining the level of concentration of
individual components of working solutions. The relevance of the topic lies in the fact that
some impurities in solutions (for example, when pickling steel) cannot be measured
automatically, which reduces the efficiency of the process and increases the load on the
solution regeneration section. Also, impurities are hazardous waste for the environment and
humans.

The development of a method for the operational control of the composition of the
pickling solution components in pickling baths is the main task of the work. A detailed
substantiation of the choice of the mathematical apparatus of the method is given. The process
of fuzzy identification of the composition of the components is carried out by the number of
pixels with certain digital color RGB codes from digital images of the control doses of the
solution. A set of technical means for providing the method for practical implementation in
the technological process is described. A prototype of a graphical user interface (GUI) for the
proposed method for identifying the composition of technological liquid solutions, developed
in the Processing 3.0 integrated environment using applications from the Open Source
Computer Vision Library, is presented.

A technique for extracting experimental data for filling the base of a fuzzy classifier
with model reference points is proposed. Its essence lies in simultaneous measurements of the
concentration of the components of the pickling solution by classical methods of titration and
dry residues and the proposed method with a step equal to the regulated accuracy. The results
of approbation of the proposed method are presented.

The presented technique for obtaining a fuzzy classifier can be used to develop IT
tools for the operational control of the composition of various liquid solutions with opaque
colored components and color identification of defects in various flat surfaces, provided that
they are color distinguishable and determine the boundaries of RGB - intervals for assessing
the color of individual component (defects).

Keywords: classifier, fuzzy c-means method, computer vision, membership function,
pickling solution’s component, concentration
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