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Abstract

Changing the composition of process liquid solutions is inevitable and affects directly on
process sustainability, safety and reliability, resource efficiency, solutions’ life span and
harmful waste reduction. The authors share their experience gained in the development method
of intelligent identification of the pickling solution composition for the metallurgical industry.
The method of solution opaque salts concentration definition based on a fuzzy estimate of the
concentration of salt components in technological liquid solutions by the number of pixels with
certain digital color codes from digital images of control doses of the solution processed by the
computer vision method is proposed. The values of the RGB pixel color estimates lie in fuzzy
intervals for each of the salt components, which made it possible to build a fuzzy classifier.
The presented procedure for obtaining a fuzzy classifier can be used to develop IT tools for
operational monitoring of the technological liquid solutions state.
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1. Introduction

Standard task of different processes is to maintain an optimal level of concentration of an individual
component of working solutions. The lack of timely and objective information about the concentration
changing leads to excess consumption of solutions, reducing the efficiency of the equipment and even
worse, the emergency shutdown of the process.

For example, these problems are in next processes: calcination of circulation water in district heating
and the formation of deposits on the heat exchanger plates and the loss of sedimentary ferrous sulfate
monohydrate in the bath and on the heat exchanger’s plates of continuous pickling lines in metallurgy.
Sulfuric acid is one of the most important industrial acids with over 190 million tones production in
2008 year with annual growth about 1.8% [1]. One of its most diverse area is steel pickling and
descaling. The large manufacturers of steel production generally use hydrochloric acid for pickling
processes, but although the amount of steel pickled by hydrochloric acid is more than pickled by sulfuric
acid, the number of facilities using sulfuric acid exceeds those using hydrochloric acid [2].

Sulfuric acid pickling results pickling sludge, the waste product includes acidic water, iron sulfates,
metallic salts and waste acid. Pickling sludge is the most hazardous waste as reported by EPA [3].
Continuous carbon steel pickling lines use the much water solution of sulfuric acid as pickling liquor.
In addition, the solutions have to be regenerated in large volumes or dropped into the process water for
neutralization with further water treatment and preparation of new fresh solution. All these measures
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increase the operation, resource and energy costs of the process and also pollute the production areas
(acidifies and salts soil).

The carbon steel continuous sulfuric acid pickling process is carried out with pickling line that
consists of several pickling baths. The process medium is the pickling solution (liquor) which is the
diluted sulfuric acid. While diluted acid removes the oxides and other impurities it also attacks the steel
surface and partially dissolves it. So it is very important to control such process parameters as dwell
time, temperature and composition of pickling solution in baths. The only way to make the pickling
process economically viable and ensure proper environmental protection is to develop a perfect control
system. The pickling solution heating in special plate heat exchangers with temperature controller
outside of pickling baths is progressive tendency in sulfur acid pickling [4, 5].

The analysis of pickling solution components in the pickling baths is significantly more complicated
problem that directly connected with pickled carbon steel strip quality and pickling line capacity. Now
widespread pickling line containing the regeneration node of the spent solution from, which meets the
technical requirements for energy efficiency and control of emissions into the environment [6].

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].

2. Problem analysis

Numerous mathematical models of salts crystallization in solutions often do not allow with sufficient
accuracy to determine the development process. Sometimes the models include additional factors,
taking into account the buildup of deposits with increasing number of crystallization centers of
sediments [14]. The main disadvantage of these models is the absence in each case of any information
about values of the constants. Existing methods and equipment of the solution composition control
require additional laboratory analysis with mandatory operational personal participation or not
sufficiently versatile in regards to the solution composition. Now for measurement of salts™ ultimate
permissible concentration (PC) in the pickling solution the direct chemical titration and non-destructive
testing (NDT) or non-contact methods are used. Electric NDT method with high sensitivity and relative
simplicity of the instrument implementation is one of the most informative. Opportunities for
operational monitoring of the concentration of electrolytes in solutions (which are the solution of
ferrous sulfate in sulfuric acid) open a direct conductivity measurement. But existing analyzers are
designed for measuring the pickling solution of hydrochloric acid, which is quite stable ternary salt
system. Analyzers provide a way to measure the overall pH in the temperature range of the solution
T=5+80°C, but do not allow to determine the concentration of some components in aggressive sulfate
environment.

For the case of sulfuric acid pickling one of the main challenges is the presence in pickling solution
FeSO_4 salts in three forms: FeSO_4 «7H_20, FeSO_4 +4H_20, FeSO_4 «H_20. Ferrous sulfate salts
are resulted because of reactions of carbon steel strip scale and its iron part with sulfuric acid. The use
of exact analytical relationships for the prediction of this process is difficult and not always correct.
Mainly ferrous sulfate heptahydrate FeSO 4 «7H 20 and ferrous sulfate monohydrate FeSO 4 *H 20
are considered for sulfur acid pickling. The ferrous sulfate tetrahydrate FeSO 4 *4H 20 was not
investigated so much. As the acid content of the pickling solution is decreased the ferrous sulfates
content appropriately is increased. With adding sulfuric acid the pickling process is continued but
ferrous sulfates content increases. Under certain temperature and concentration conditions the pickling
solution will only hold a certain amount of dissolved salts and the excess will crystallize. For sulfuric
acid pickling such conditions may be occurred when ferrous sulfate crystals will change from one type
to another. It is called as phase change [15]. Phase change of ferrous sulfate heptahydrate (clear green
coarse crystals soluble in hot water) to ferrous sulfate monohydrate (very fine white cement-like
precipitate, non-soluble) begins when the temperature of the solution reaches 7=80°C and leads to the



precipitation of monohydrate on heat transfer surfaces of heat exchangers or heating elements of
pickling baths, baths walls etc., that does the pickling process difficult. At the metal plants of Ukraine,
producing roll strip made of carbon steel, as a pickling solution traditionally used a solution of sulfuric
acid with concentration ¢ up to 20+-24% and temperature range of the solution T=85+98°C. In this range
of parameters of the total presence of FeSO_4 salts in pickling solution is capped by the process order
at 15%, and the presence of FeSO_4 «H_20 is regulated by the limit of 4%. So the effective control of
PC of ferrous sulfate salts is very important for proper pickling process operation suggestion.

Between modern non-contact composition identification system the ultrasonic one seemed perfect.
But for case of sulfuric acid pickling this method has a drawback. Ultrasound can provoke the
crystallization of salts in pickling solution about hundreds times more intensive than for usual
conditions and it may to lead to unpredictable formation of FeSO 4 n-hydrates that significantly
decreases the quality of pickling liquor.

Effective 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 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:

e  Optimizing FSs to achieve higher accuracy and faster convergence is now worthy of in-depth

study.

e 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.

e 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.

However, the convergence speed of GD or GD plus LSE is very slow, and they easily fall into local
optimal solutions.In view of the above problems, new techniques based on the ANFIS optimized by
EAs have been emerging. For example, a method of optimizing the ANFIS based on an improved firefly
algorithm and the differential evolution optimization algorithm was proposed by Balasubramanian [19],
which has been proven to be effective in the application of medical disease prediction. Ehteram et al.
used three optimization algorithms (sine— cosine algorithm, particle swarm optimization algorithm, and
firefly algorithm) to optimize the ANFIS to improve the prediction accuracy [20]. However, all the
above methods only focus on the optimization of FSs and still have challenges in solving high-
dimensional data. The ANFIS with PCA were combined to predict the Iranian ionospheric time series,
which can shorten the convergence time and obtain the optimal solution [21]. It was solved [22] the
problem of predicting the fracture pressure of defective pipelines more effectively through the
combination of PCA and the ANFIS.

The structure of the ANFIS is composed of an adaptive neural network and an FS. It not only inherits
the adaptive learning ability of neural networks, but also keeps the interpretability of FSs. The ANFIS
can adjust the parameters according to prior knowledge so that the predicted values are closer to the
target values, which has achieved great success in many applications [23]. 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 [24].

Two methods to construct fuzzy inference systems are known well:



o  fuzzy c-means clustering;

e  grid partitioning [25].

It has been proven that SC is better than other algorithms [26], and it was adopted as the method to
generate the fuzzy inference system in the ANFIS.

Furthermore, relevant studies have demonstrated that the performance of the Gaussian MF is better
than others in many nonlinear complex problems [27,28].

Taking into account considered above, the present paper is devoted to development of low-cost
intelligent identification system of the process liquid solutions composition based on fuzzy c-means
clustering. 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 continuous process of pickling carbon
steel.

3. Fuzzy estimation procedure
3.1. Description of process, model and identification system

In the task of selective color segmentation, there are no reliable and fully automated methods yet.
To solve them in a natural way, fuzzy soft approximations can be used [29]. Ferrous sulfate salts which
affect the quality of the pickling solution, are presented as three compounds [30] (see Table 1).

Table 1
Color classifier of FeSO_4en-hydrates
k Chemical Crystal Formation Color LR-interval estimation of RGB
formula temperature, cluster - code of color
eC Rir Grr BLr
A FeSO_4°7H_20 Melanterite 21< clearly 81+145  147+183 81+111
green
B FeSO_4°'4H_20 Rosenite >=21 green 0+2 128+125 64-+82
C FeSO_4°1H_20 Szomolnokite >=80 white 245+255  245+255 245+255

For definite values of bath temperature and pickling liquor flow rate through heat exchangers the
concentration change 4c 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 Creso 4(t) non-decreasing on
interval (0; to) and limited with the value sup(c(t))= c.

If summary PC of FeSO_4 «nH_20 in liquor reaches Creso 4 (to) = ¢ the system becomes ineffective
or stops abnormally. The control action for such situation is the liquor refreshment (Fig.1).
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Figure 1: Pickling solution refreshment



The part of liquor is directed to regeneration unit and fresh regenerated pickling liquor is supplied
to bath till reaching scheduled Creso 4 (to+ 4#)= Co. The proposed approach saves the solution in process
up to 25%, and, respectively reduces the harmful emission and working solution consumption. The
system still is effective in case PC of H_2SO 4 belongs to interval Cy 250 4 = (2'; @) and becomes
ineffective or stops in case PC reaches value Ch_2s0 4 = 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(t) values (partial or complete refreshment
or full update of pickling bath solution, heat exchanger cleaning with turning on the back-up one). As
a Mamdani model, the modeled object is represented as a black box, characterized by a lack of
information about what physical phenomena is happening inside itself [31]. The development of the
Mamdami model is the formation of the production rule set with a minimum number k 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 [32]. Each rule specifies some fuzzy point in
the display space defined Cartesian product X7 x X2 x... X;x Y in the next form:

Ry:IF (xy = a;) AND (x, = a) ... AND (x, = a,) THEN (y; = by)
. . . . . (1)
Ry:IF (x; = z;) AND (x5 = z;) ... AND (x,, = z,) THEN (yy = 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(t) 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 membership
functions of the individual classes in the feature space X7 x X2 x... X, The structure of classifier 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 concentration measurements>.

The process of knowledge extracting about the object [33] is to obtain statistics of the measurement
inputs — (X, ST and R) and output (c). The parametrization of the exponential membership functions is
given below (paragraph 3.2).

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

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

e acuvette for a solution that is automatically washed before each measurement with a given
period of Ties = 45 min;

o dispensers;
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 Tmes(Creso 4) (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 [34]. 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 [35] was partly applied to instantaneously measure
mineral concentrations in flotation froths and other stages of beneficiation processes [36].

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 (sm? /sm®). The system is able to analyze up to 256 images step by step, keep them
in memory as table and present these data as graphical plots for dispersion. The presentation of Graphic
User Interface (GUI) of intelligent identification system of the process liquid solutions composition is
illustrated in Figure 2.

Each measurement from m measurements, that is equivalent to fixed state of pickling line, is a
guantitative estimation Vi 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 = Sk Vi (RGB) (3)

where Vi (RGB) describes the membership of a pixel in the k-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, Sk
— 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 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 ¢; selection:

n

4

dij = |l —eill = Z(Cl.t —x,)" @
=1

where c; —is the coordinate of the cluster center relative to the axis OX in space Xy, X; — is the coordinate

of the classified object relative to the OX; axis.
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Figure 2: The presentation of system GUI

On the basis of statistics estimates of distances it is possible to construct radial membership functions
u(V(RGB)) [37], although it is not always effectively in case of large dimension X,. The proposed
method uses a fuzzy classification with two-dimensional projections of multidimensional clusters [32].
Classes are clearly separated from each other and holding the classification is not difficult in our case.

Simultaneously the test titration to measure Creso_4 (i) and measurement of Vi(ti) are carried out at
the ti moment. Also | series of N, reference measurements of concentration of the k-th salt cy(ti) is made
by gravimetric analysis of the dry residue with satisfactory accuracy o.

On the base of statistical data on the state of salts in solution, obtained by the method of fuzzy
classification, the membership x(Vi(t)) functions are formed.

The membership function w(x) establishes the accordance between actually measured values: Vi(t)
— pixels number of and Ci(t) — concentration of the k-th salt, establishing next relations:

Vk - Ck (5)



3.2. Model configuration

The formation and configuration of the classifier is made under the following assumptions: the k-th
salt is clearly related to the class on the basis of color, are known its footprint with a relative accuracy
of 1 pixel to 10° pixels (feature digital camera FESTO SBOC-Q) and mass, the specific volume
resistance of mist in the test samples of dimensions. Given that the measurement accuracy of the input
parameter of 0.005%, is not difficult to split samples of measurements between clusters. Function
Creso_a(t) =T (Vi()) 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 [32], the algorithm of the method is given in the article.

3.2.1. Definition of clusters’ centers

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 formula (4).

The median (center) of the i-th cluster in the input coordinate of v is determined by the cumulative
[32], taking into account all of the included elements according to the formula:

N;
1 .
My () =2 5 0, =1, (6)
i

3.2.2. The method of weighted averages.

Three experimental series of a total elements number of 48 measurements (v;, ¢;) for FeSO_4 « H 20

at intervals of input values &, the medians of the input and output values are represented on Fig.3.
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Figure 3: Data of three measurements series with input and output values medians

A series of n measurements forms a single cluster. As maximal close to vi the i-th cluster is defined
according to formula (4):

MIN(dyy) = ||my, = vi|| .G =1,...D (7)

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

262

2
— v. — v.

2
27:1 Cj - exp [M (8)

ci(v) =



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

1
8 ==+ MIN ||my, = v, vv; € (my, — 0.5¢;my, +0,5¢))
where ¢ — is the size of the interval in which the cluster lies.

(9)

3.2.3. Calculation of displacements of clusters

The calculation of the distance of the displacement of the clusters centers relatively to their positions
in the previous cycle clustering (t-1) is carried out in accordance with following expression:
Am;(t) = [lm;(t) —m;(t — Dl (10)
The compressed data is presented in table 2.

Table 2
The measurement sample, the distances between elements P; and the cluster centers m;.(1)
Cluster ; 1 2 3

P; 1 2 3 4 5 6 7 8 9
V=x; 28 22 26 176 178 180 254 250 262
C=x; 16 50 74 175 212 245 273 306 360
dy 31.06 5.00 27.00 197.19 22434 250.84 321.03 342.43 392.00
dsj 24523 223.46 203.96 35.06 2.00 35.06 98.72 120.00 171.92
dsi 373.82 351.37 331.00 159.01 127.00 101.24 40.01 8.60 47.52

mi(1) (v,c) (25.33; 46.67) (178; 210.67) (255.33; 313)

The result is 4m; = 0.75, 4m, = 0.67, 4ms = 0.33, each of the values exceeds the threshold value
shift of the cluster center (om =0.05). If the minimum offset Am; does not satisfy the specified condition:
min(Am;(t)) < 6, , 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
with results shown in table 3:

Table 3

The distances between elements P;and clusters centers m;.(2)

Cluster 1 2 3

P; 1 2 3 4 5 6 7 8 9

dyj 30.79 4.71 27.34 197.91 225.04 251.51 321.74 343.12 392.67
da 245.76  223.94 204.41 35.73 1.33 34.39 98.29 119.46 171.33
ds; 374.02 351.58 331.23 159.18 127.20 101.48 40,02 8.80 47.47
mi(2) (v,c) (25.33,46.67) (178, 210.67) (255.33, 313)

my(2) = (25.33, 46.67), mx(2) = (178, 210.67), m3(2) = (255.33, 313)
The offset of values of the cluster centers satisfies the accuracy requirements: Am; (2) = 0.0047,
Amy(2) = 0.0033, 4m3 (2) = 0.0033.

3.2.4. The definition and parameters of clusters’ membership functions

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 [28] of the formula (9):

_ —(m; — x)? =1 k
py,(x) = exp 262 |’ t=1,.., (12)



In the absence of measurements in a neighborhood of the coordinate system origin the dummy
cluster, completely excluding any element, is declared (mvo =0.00). The value of d; is chosen to be equal
one-third the distance | m; - mi+1| in the input space V (in accordance to the 9-th formula). The values of
oj are:

|0 — 25.33| . 1178 — 25.33|
§j=————=844, § =———=75089,
3 (13)
|178 — 255.33|
§,=86;=—————=125.78
3
The exception (13) for the 1-st cluster is transformed in the asymmetric Gaussian function:
) —(my — U)z
V) =ex M
H Plo-6, + (1 —w) - 6,)2 (14)
where m; = myy =25.33,
® - auxiliary Boolean variable of the next form:
{1 for 0<v<my
w =
0 in other cases (15)

3.2.5. Construction of fuzzy models C(V)

As a result of the clusters projection in the input space V myi = 25.33, my2 = 178, mys = 255.33 are
obtained. Output single-point MFs are defined in points mc; = 46.67, mcz = 210.67, mcsz = 313. The
membership functions of input and output parameters are presented in Fig.4.
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Figure 4: Resulting fuzzy dependence of c¢(v) the resulting clustering and membership functions

The value c(v) at the output of the fuzzy model is calculated by the formula:

—(v — 178)? _ —(v — 255.33)2
664.44 }+ 313 e"?’{ 664.44 }

—(v—178)2 —(v — 255.33)2
”Vl(")”xp{ (664.44) }+ex7”{ ( 664.44 )}

46.67 -y, (v) + 210.67 - exp{ (16)

c(v) =




After definition of such dependencies for all kinds of salts from Table 1 and the dependence of the
form c(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 (16) is implemented using Gaussian MFs by the FCM
method (Fuzzy Classifier Means), vi and vi.1 are accepted as the centers of neighboring classes. The
current value of v(t) = x, obtained during the execution of TP, belong to the i-th class by the criterion
of the minimum Euclidean distance from the estimated object to the center of the i-th cluster - vi.

4. Discussions

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. Using equation (8) it is possible to find a
representation of ¢* at an arbitrary point in v, which is close to the sample measurement. The model
applied in the system is static due to the low speed of the process. In high-speed multi-reagent processes,
the problem of short-term prediction often arises. By introducing a time coordinate [22] and/or m
additional parameters into the space of arguments, it is possible to obtain a predictive model that works
in a short prediction period 4¢ according to the following rules:

Ri:IF (x,(t) = a;) AND(x5(t) = a3) ... AND (%4 in(t) = ayym) THEN (y,(t + At) = by)
(17)

Ri: IF (x,(t) = z,(£)) AND (x5 (t) = 23) . AND (X4 () = Zyym) THEN (y,(t + At) ~ by)

The surface purity coefficient — ge, which generally takes into account the area and thickness of the
pickled defects [38], and hence the mass of iron oxides that have reacted with the pickling solution, can
be used as an additional parameter for constructing an ANN with the indicated properties. The study
points in the neighborhood of PC (v, c*»¢) will provide an opportunity to synthesize ANFIS [39].

In the case of a large number of measurements, the data are compacted by the method of weighted
averages, replacing them with pairs (v, ¢’j) at 9 points with intervals &, for the medians of the input
and output values and the formation of 3 clusters for our example.

Also, to estimate the content of different salts of multihydrates in the solution, it is proposed to use
the estimation of the brightness of individual points by RGB components, to calculate the number of
pixels of color components in digital images of the analyzed surface as Y (formula 2) [40]:

Y =0.299R + 0.587G + 0.114B (18)
where Y — is the brightness in shades of gray, RGB estimates are in the range 0+255.

It should be noted, that the greatest influence on the process has a change in the concentration of
FeSO 4 «H_20. 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 d¢;. 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 (Vn, Cn) with uniform sampling step and segments of
values ((n-1)dcs, Ndcr), n=1,2,... M, where M is estimated as:

M = [Cy/6ci] (19)
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 C1 = d¢;, C2 = 2dcy,..., Ch = Ndcy,
to the maximum allowable value according to the process requirements:

Cn = sup(c(t)) = ¢ (20)



5. Conclusions

Procedures for the identification and control of the pickling solution components PC are formalized
using elements of fuzzy logic. The identification of salt compounds in the pickling solution is solved
by the method of selective optical segmenting by color and build of concentrations components
classifiers using Gaussian membership functions. The expansion of the arguments space will allow to
increase the sensitivity of the classifier and to conduct a more detailed clustering of states,
characterizing quantitative regularities of changes in the component composition of the solution.
Obtained plots may be used for further conversion of measured physical parameters into solution
concentration, process efficiency and some other characteristics.

Finally, the obtained intelligent identification system of the process liquid solutions composition
based on analytical calculation fuzzy model may be realized as an ARM microcontroller with high-
speed graphic coprocessors of the Cortex series using the open software library OpenCV (Open Source
Computer Vision Library) for image segmentation to enhance the automation procedure [41]. The new
system has a direct influence on the improvement of the process sustainability safety and reliability and
reduces the operation costs pollution and overall production expenses.

The implementation of the proposed system, which is built into the overall control system of the
pickling line, will enable more accurate on-line automated control of the concentration of pickling
solution components.

Approbation of the proposed intelligent identification system (in combination with the existing
pickling solution temperature control system) showed the following results. Acid consumption for the
pickling process is reduced from 1230 to 976 kg/h approximately while maintaining the same capacity
of the pickling line. This is due to an increase in the accuracy and frequency of measurements
(Tmes(Creso_4) — Fig.1). Accordingly, the load on process water purification from sludge and regeneration
of sulfuric acid and the consumption of process water for the preparation of pickling solution decreased
by 26% [38]. Figure 5 shows the graphs of sulfuric acid mass consumption rate for the work shift G, —
before the application of the intelligent identification system, and Gy, — after.
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Figure 5: Graphs of sulfuric acid consumption

6. Nomenclature

ANN — artificial neural network.



ANFIS — Adaptive neuro-fuzzy inference system.

EPA — United States Environmental Protection Agency.

EAs — Evolutionary algorithms.

FSs — Fuzzy systems.

GD - Gradient descent.

LSE — Least squares estimation.

MFs — Membership functions.

NDT — non-destructive testing method of measurement.

PC — value of ultimate permissible concentration of salt in pickling solution, (g/l).

PCA — Principal component analysis.

SC - Subtractive clustering

T — temperature of the solution, °C.

Creso_sa@ — Mmonotonic non-decreasing time function of FeSO_4 — salt concentration change, (g/l).
Cs — concentration of pickling solution, (g/1).

G — sulfuric acid mass consumption, (kg)

Sk — the number of pixels allocated to k-th color cluster.

Vi — quantitative estimation of the k-th hydrate presence in pickling solution.

Vi(RGB) — boolean value, describes the membership of a pixel in the k-th color cluster according to

the RGB code LR-interval.

dij — Euclidean distance between object xjand the i-th cluster center c;.

4c — concentration change of a salt in pickling solution, (g/l).m; — the i-th cluster center.

At — short prediction period of time (s).

ge — surface purity coefficient (%).

oy — satisfactory accuracy of FeSO_4 concentration measurement by traditional method.

dci — required accuracy of FeSO_4 «H_20 concentration measurement.

om — the set threshold value shift of the m; in the arguments’ space.

&i — interval of the i-th cluster’s input values v.

1(Vi(t)) — membership function takes the values on interval [0, 1], establishes the accordance

between really measured values of Vi (t) and values of the k-th FeSO_4 n-hydrate concentration c(t) in
pickling solution.
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