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The multi-motor drives, the typical examples of which are
continuous lines (CL) for tension processing of various materials
are complex and coupled MIMO higher-order nonlinear systems,
which parameters are difficult to identify. The article focuses on
a method for the design of a non-parametric black-box fuzzy
model of a continuous production line with emphasis on minimal
knowledge on the modelled system. The proposed fuzzy model
structure is based on the state space representation of the
dynamic system in discrete form, which only requires a suitable
set of information on its input/output relations. The properties
of the proposed CL fuzzy model were verified by experimental
measurements on a CL laboratory model. The obtained results
have confirmed the rightness and effectiveness of the fuzzy
model design method that can be applied not only in the field of
industry technologies with CL but also in modeling and control
of nonlinear dynamic systems.
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1 INTRODUCTION

Typical examples of processes in technological practice the
analytical description of which is rather complicated are
combustion processes, temperature and pressure control of
steam injection into power plant boilers, pressure control in
injection moulding machine chambers, and also continuous
technological lines for continuous processing of materials (sheet
metal, foil, paper...).

However, information on the performance of these processes
can often be obtained experimentally (by suitably chosen
measurements or by monitoring their responses to the control
activities of the operator). In these situations, fuzzy systems can
always be considered as an alternative for system modeling.
The main advantage of a fuzzy logic system (FLS) is the capability
of expressing nonlinear input/output relationships by a set of
qualitative if-then rules. FLSs have the capability to handle both
numerical data and linguistic knowledge, which is extremely
difficult to quantify by means of traditional mathematics
[Babuska 1997, Pedrycz 1984]. Therefore, they offer alternative
solutions when the system cannot be expressed in terms of
equations, i.e., when the mathematical model does not exist or
is ill-defined. So far, most attention has been devoted to single-
input, single-output (SISO) or multi-input, single-output (MISO)
systems [Khalifa 2022, Salgado 2016]. Relatively little attention
has been devoted to the identification of MIMO fuzzy models
from input-output data [Babuska 1998, Salgado 2017, Kuram
2013]. It has been proved that fuzzy modeling can be recognized
as one of the nonlinear black-box modeling techniques [Juditsky
1995, Sjoberg 1995]. The problem in the development of black-

box fuzzy models of these systems lies in obtaining their
qualitative properties on the basis of measured experimental
data, having no prior knowledge on the parameters and
structure of these systems. That often results in an inconsistent
database, in problems with covering the entire possible space of
the fuzzy system inputs, etc. [Leso 2018, Liu 2016, Johansen
1994]. The fuzzy model obtained in this way may be very
inaccurate and even unusable in industry applications.

When a suitable method of data collection is used, or a suitable
selection of qualitative data from the database is made, it is
possible to construct a corresponding black-box fuzzy model of
the unknown nonlinear dynamic system as it is shown in this
paper. The functional dependencies between inputs and outputs
can then be used for developing a suitable non-parametric black-
box fuzzy model of the dynamic system described in state space
discrete form. Proposed fuzzy model that can be applied in the
design of CL control and also in the identification of CL
parameters and non-measurable additive disturbances
influencing the system control. The realized experimental
measurements on a continuous line physical laboratory model
confirmed the effectiveness and the quality of the proposed CL
fuzzy model and also its applicability to MIMO nonlinear
dynamic systems with as little previous knowledge as possible.

2 MODELLED SYSTEM DESCRIPTION

A typical representative of multi-motor drive is the continuous
line, where the individual working machines are coupled by each
other through the material. They are, e.g. lines for processing
continuous flows of material (e.g. sheet metal strips, tubes,
processing lines in paper mills and printing works, etc.) by
material traction in the field of elastic or plastic deformation,
which influences the material’s mechanical properties.

These lines usually consist of three autonomous sections

[Jeftenil 2006]:

— The entry section consisting of unwinding machine is
determined for accumulating a stock of material for the
technological section and for reduction of traction in the
strip.

— The technological section, where are carried out
technological operations according to the technological
formula for particular material.

— The exit section consisting of winding machine, where coiling
of the strip of material takes place.

In industrial practice there exist many various typical multi-

motor drive configurations [Jeftenili 2006] where the tension in

the web arises due to different circumferential speeds of the
work rolls, partially due to the difference of their positions. For
simplicity only the coupling of two machines (central part of
continuous line) is investigated but this idea can be extended to
an indefinite number of machines bound by processed material.
Figure 1 shows the structure of the central section of the
continuous line. The structure includes DC motors powered
through static transistor converters TC. The working machines of
the line are driven by the motors through gearbox j; vi, v, are
machine rolls circumferential velocities, Fi; is the tension in the
web of material between the two machines. The main line
disturbances are tensions before and after the central part of the
considered line which are affecting the first and second drive (Foz
and F3). K, are circumferential speed sensors, Kg is tension
sensor, r is roll, radius, uy1, uy2 are outputs from speed sensors
and ury; is the output of the tension sensor. The controlling
voltages ui, u, of converters present the input variables of the
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system. The tension in the web of material F1; and the web of
material velocity v, are the output variables (let us consider
y1=Ur12 and yr=uny).

CL Central Section

@ F?’M’K+I

Figure 1. Structure diagram of central section of a continuous line.

The corresponding block diagram is shown in Figure 2. It is a
simplified model where we assume that the static transistor
converters (TC) have proportional gain and built-in fast current
control loops. If the mechanical time constant of the drive is
much greater than the electrical time constant of the motor,
neglected can be the dynamics of the current loops. By such
simplification, the current loop can be replaced with satisfactory
precision by the transfer function 1/K, where K; is the current
sensor gain. By such simplification the current references /;* and
l,*present inputs into CL model.

Tension subsystem

wvl=y2=x3
i

Figure 2. Block diagram of the central section of the continuous line.

The elastic coupling is modelled according to Brandenburg
[Brandenburg 1973], taking into consideration variable time
mechanical constant of the running elastic strip depending on
the strip speed which makes the model nonlinear. In Figure 2, /
is distance between the rollers of the work machines, S — the
cross-section of the processed material, E represents the Young
modulus of elasticity, K; — material damping constant, J — total
moment of inertia on the motor shaft (let us consider for sake of
simplicity that both motors and work machines are similar) and
c@-torque constant of the motor.

The described system with the mechanical coupling of two
machines presents a 3rd order nonlinear MIMO system with two
inputs and two outputs (Fig.3). In the block diagram in Fig.2 the
state variables were chosen as follows: x;= uy1, X2=y1=Uf12 and
X3=y2=Uv2.

ui=Ir* VI=X2=UFI2
——» -
u2=J2* CL yi=x3i=uv2

XI=uvl

Figure 3. The central section of the continuous line as MIMO system.

For the design and verification of the continuous line fuzzy
model we used experimental measurements taken from its
physical model built at the Department of Electrical Drives and
Mechatronics of the Faculty of Electrical Engineering and
Informatics, Technical university of Kosice.

3 PHYSICAL MODEL OF THE CONTINUOUS LINE

The physical model of the continuous line represents a
functional model of multiple-motor drive technology coupled by
a strip of material. The physical model includes a strip unwinder
and winder and three transfer rolls over which the strip of
material passes (magnetic tape 0.03 m wide). Between the
unwinder, the work rolls and the winder the material creates a
loop in which it is tensioned by a movable tension roll (Fig. 4).

It is obvious from Fig. 2 that the continuous line roll drives are
“coupled” together through the strip of material. From the
physical analysis of the continuous line model [Jefteniti 2006,
Brandenburg 1973] it follows that the system contains a fast
(tension) subsystem and a slow (speed) subsystem. The
parameters of the system change depending on the mechanical
properties of the material and on the speed of its motion.

Input section | Central section | Output section

Figure 4. Structure of the physical model of continuous line.

As a result, the strip tension corresponds to the position of the
tension roll. The model is driven by 5 DC disc motors powered by
Allen Bradley DC converters 1386 DC Servo Drive System with
PWM modulation. The control system is based on
programmable controller PLC S7-400 with technological card
FM458. CFC language was used for control program
development. The physical model inputs are the control voltages
for converters in the range of £+ 10V, and the outputs are the
velocities of the individual drives and the tensions in the sections
between the work rolls. Incremental sensors (IRC) which
generate 4000 increments per revolution were used for
measuring the revolutions of all the motors. Sensing of the
tensile force is carried out indirectly, by monitoring the position
of the tension rolls with a potentiometric sensor, where it is
changed to voltage and is brought directly onto the analogue
inputs of the control system.

Speeds and tensions of individual drives from position sensors
are output variables of the physical model. Elastic material
properties are simulated by mechanical changing spring, which
causes the elongation of the web of magnetic tape.

The physical model of the continuous line is shown in Figure5.

|
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Figure 5. The physical model of the continuous line.

To determine basic properties of CL, experimental identification
measurements were performed on the physical model of the CL
for current pulses applied sequentially to each input of the
model. In Figure 6 the reference signals of I; — the first motor
current and I — the second one are shown. The measurements
were performed with a sampling time of 1 ms, and the outputs
are illustrated in Fig.7.
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Figure 6. Input signals ui=/*and u=I>* for identification measurements
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Figure 7. Time responses of the subsystems: the tension y; = up,, and
the speed y; = u,,, to the input pulses illustrated in Fig.6.

From time courses in Fig. 7 it is seen that the system contains a
fast (tension) subsystem with oscillating response and a slow
(speed) subsystem. They are coupled and mutually interact. In
such MIMO system a strong interaction between the transfer
channels of the tension and of the speed leads to worsening of
the strip quality, even can lead to destruction of the processed
strip.

Defining precise parameters of such nonlinear system
analytically presents a rather demanding task, and therefore it is
suitable to use for its description a fuzzy model obtained only on
basis of its measured input/output data.

The parameters of the CL physical model are specified in the
Appendix.

4 CONTINUOUS LINE CENTRAL SECTION FUZZY MODEL
DESIGN

Various possible fuzzy system structures exist, both as regards
their static fuzzy subsystem (Mamdani, Sugeno ...), or their
dynamic subsystems. From this point on we shall consider a fuzzy
model structure based on the state concept of a discrete
dynamic system, according to which the state of a system in a
particular step depends on its state in the previous step and on
the increment in state between these steps, which is a function
of the preceding inputs and states. This concept can be
expressed mathematically by the following equations

Xk = Xp—1 + dxk
dxy = f(ug—1, Xk-1) (1)

where u is the model’s input quantities vector, x is the state
guantities vector, f is the searched for static vector function of
the modelled system, and k represents the sampling step.

The static subsystem is in this case is represented by the static
function f(uki, Xk1), which comprises information on the
structure and the parameters of the given subsystem.
Construction of the CL fuzzy model consists in determining the
fuzzy approximation of this function on basis of the obtained CL
inputs and outputs database.

Considering the choice of CL input, state and output quantities
presented in Fig. 3, the structure of the proposed CL fuzzy model
is shown in Fig. 8.

/N
/AN

Fuzzy model x3

Figure 8. Structure of the discrete CL fuzzy model.

The first step in the design of the fuzzy model for the central
section of the continuous line is the establishment of a
consistent database from measured inputs and their
corresponding outputs, which covers its entire assumed work
space. In a consistent database, the database does not contain
different output values for the same input values [Fedor 2013].
This can basically be achieved either by exciting the system by a
suitable statistic input signal u(t) [Babuska 1997], or by an input
signal which evenly divides the entire input space [Yan 2014].
Using a random input signal is suitable for existing systems with
which it is not possible (e.g. for operational reasons) to enforce
predetermined inputs to the system. Such a database can be
obtained also in the course of normal operation of the modelled
system which is controlled by an operator who is the “generator”
of input signals. In principal, no previous information on the
characteristics and the structure of the modelled system is
required in this case. Typical examples would be continuous
technological lines for material processing, temperature control
in power plant units, chemical technological processes, etc.
Assume the operation range of input u; for line velocity tuning is
[-3, 3] and of input u; for strip tension tuning [-1, 1]. Then for
generating the database for CL fuzzy model construction we can
apply a systematic transition over the operation range e.g. by
applying step change of line velocity u; every 12s and then in 1s
intervals exciting the faster oscillating part of the system to both
sides by input u;. The performance of the generated inputs for
CL is illustrated in Fig. 9. Time responses of corresponding
outputs y1=Ur1z and y,=u,, are shown in Fig. 10.
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Figure 9. Input generator for collection of database for fuzzy model.
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Figure 10. Time waveform of the tension ur12 and the speed u2 in CL for
the inputs illustrated in Fig.9.

The database for CL fuzzy model was generated as demonstrated
in Fig. 11. The state quantity x;=u,; also needs to be entered into
the database. With sampling time T7=0.1s we obtained
a database with 1000 samples. A sampling time T was
determined based on Shannon-Kotelnikov theorem from
measured transient responses in Fig.7.
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Figure 11. Database generator for CL fuzzy model.

This measured database can be used for serching two FIS
structures of the given nonlinear system which best describe the
measured relations between [U1k-1, Uak-1, X1k-1, X2k-1, X3k-1] = dya,
and [U1k-1, Uzk-1, X1k-1, X2k-1, X3k-1] = dyak.

Using the measured database, the particular fuzzy models can
be designed by standardly known procedures of cluster analysis
and adaptive approaches. The fundamental features of cluster
analysis are reduction of the number of fuzzy rules and setting
of good initial rule parameters. For our purpose from the
numbers of methods for adaptive fuzzy systems development
[Vo 2020, Ferreira 2015, Salgado 2017, Schafer 2015] we chose
the adaptive neuro-fuzzy inference system (ANFIS) with
subtractive clustering [Fedor 2016, Vu 2012]. The ANFIS
approach uses Gaussian functions for fuzzy sets, linear functions
for the rule outputs, and Sugeno's inference mechanism [Liao
2005, Zuo 2017]. Subtractive clustering determines the optimal
clusters in a multi-dimensional input/output space that
accurately represent the data [Rani 2012], in our case CL

behavior. Subtractive clustering was running with the following
parameters: Range of influence=0.4, Squash factor=1.25, Accept
ratio=0.4, Reject ratio=0.01. The results were two static Sugeno
type fuzzy systems with two rules for each output quantity as is
shown in Figure 12a. Fuzzification of inputs of this fuzzy system
is illustrated in Figure 12b. These obtained fuzzy systems were
implemented into the final continuous line fuzzy model
structure, as illustrated in Figure 8.
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Figure 12. a) Fuzzyfication of CL fuzzy model inputs (MF=membership
function), b) SUGENO type fuzzy system with 2 rules.

The properties of the designed CL fuzzy model were verified by
experimental measurements on the physical laboratory model
described in Chapter 3.

The CL fuzzy model verification was firstly carried out for input
values, on basis of which the database for fuzzy model design
was measured. The responses of the CL fuzzy model for these
identification inputs are illustrated in Fig.13 and Fig.14.
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Figure 13. Comparison of fuzzy model and real physical model output
ur12=y1 for a continuous line.
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Figure 14. Comparison of fuzzy model and physical model output uv,=y..
for a continuous line.

To verify the correctness of the CL fuzzy model, randomly
generated signals u1 and u; were applied to its input, as
demonstrated in Fig. 15.

35 T T T T
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Figure 15. Rrandomly generated input signals u1 and us.

The comparison of the fuzzy model outputs and CL physical
model outputs for these inputs is shown in Fig. 16 and Fig.17.
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Figure 16. CL fuzzy model
generated inputs u1 and ua.
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Figure 17. CL fuzzy model
generated inputs u1 and ua.

output y. performance for randomly

The obtained results confirm that the proposed fuzzy model very
precisely approximates the performance of the continuous line
physical model for identification inputs and also for randomly
generated inputs.

5 DISCUSSION AND CONCLUSION

The paper presents a method for the construction of a fuzzy
model of a continuous processing line. The model is designed
only on basis of suitably measured relations between the
system’s inputs and outputs, without the necessity of
preliminary knowledge of its internal structure and parameters.
In terms of the available information the modelled system may
be considered as a typical Black Box system. The database for the
construction of such model should be consistent. In order to
achieve this goal, it is necessary to generate suitable input
signals at the input of the modeled system (Fig. 9) to collect data
into the database, which regularly cover its entire working range.
A systematic procedure aimed at meeting this condition is
presented in the paper.

The sampling time T is also important for creating a database,
because the number of measured samples for the database
grows as T becomes shorter and similarly the number of
transitions influences the complexity of further database
processing. In our case, the sampling time was chosen based on
the Shanon-Kotelnik theorem (7=0.1s), which was sufficient for
the design of a high-quality and simple fuzzy model (Fig. 12).
The fuzzy model design is based on the basic idea of dynamic
system description in state space. The number of state
quantities of the modelled system (i.e. the order of the system)
represents important information. If we choose a smaller order
of the fuzzy model than that of the modelled system, it will result
in ambiguity and inconsistency of the fuzzy model rules, which
reduces its quality. To derive the fuzzy rules, subtractive cluster
analysis is applied. For the adaptive approach, a hybrid
arrangement that uses a fuzzy inference engine in connection
with a neural network was used (ANFIS tool). The result was two
simple fuzzy models with two Sugeno-type rules for tension and
speed subsystem of continuous line (Fig. 12).

The proposed fuzzy modeling method was verified by
experimental measurements on a real physical model. The
designed CL fuzzy model properties have been demonstrated by
comparing its outputs with those of the physical model for
identification (Fig. 9) and randomly (Fig. 15) chosen input signals
into the individual drives of the line. The obtained results have
confirmed that the fuzzy model designed in this way can be very
simple and at the same time can very well approximate the
performance of a continuous line as a nonlinear system with
multiple inputs and outputs (Figs. 13-14, Figs. 16-17). With this
method no principal limitations for the modelled system’s
nonlinearities are defined.

Considering the quality of the proposed fuzzy model this fuzzy
modeling method can be used to design various fuzzy model
based control structures for controlling MIMO nonlinear
systems, systems with transfer lag, complex systems, etc., the
analytical model of which would be very difficult to describe, or
the concrete parameters of which would be hard to obtain by
analysis in practice. In mentioned control applications, a detailed
analysis of the internal structure and parameters of such systems
is often substituted by estimation of their performance on basis
of an experimentally obtained fuzzy model. Described fuzzy
model method could also be used in the identification of non-
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measurable additive disturbances influencing the MIMO system,
principally in real time.

The proposed method of fuzzy model design for a Black-Box
nonlinear dynamic system for which only external information is
available can be considered as an enhancement to the wide
range of fuzzy modeling methods. Regarding to its simplicity and
high-quality this method could find wide use in multi-motor
drives in steel industry, paper-making, printing and textile
industries, in the production of synthetic fibres and foils in the
chemical industry and in other industries.
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APPENDIX

Parameters of the physical model:
DC motors:

Un=24V nn =3650 rpm-s
R.=0.7Q In=85A
Pn=140 W La=0.1 mH
Mn=0.39 Nm J=0.002 kgm?
j=24 c$=0.043 Vs
Fn=250N Imax =20 A
Converters:

Trm=0.1ms

Sensors:

Current sensor K= 2V/A
Velocity sensor Ky = 6.6 V/ms™?
Tension sensor Ke = 0.022 V/N

Working rolls:
r=0.04 m, Vmax = 1.5 ms™

Processed material:
b=0,03 m, h=0,510%m,
SE=2710*N

S=bh=1510°m?, E=1,810°Nm?,

REFERENCES

[Babuska 1997] Babuska, R. and Verbruggen, H.B. Constructing
fuzzy models by product space clustering. Fuzzy
Model Identification, Book chapter, Springer: 1997,
pp. 53-90. DOI 10.1007/978-3-642-60767-7_2

[Babuska 1998] Babuska, R., Roubos,J.A. and Verbruggen, H.B.
Identification of MIMO systems by input-output TS
fuzzy models. In: IEEE Int. Conf. on Fuzzy Syst. Proc.
IEEE World Congr. Comput. Intell., 4-9 May 1998,
Anchorage, USA: IEEE, pp. 657-662. ISBN 0-7803-
4863-X. DOI: 10.1109/FUZZY.1998.687566

[Brandenburg 1973] Brandenburg, G. Ein mathematisches
modell fur eine durchlaufende Stoffbahn in einen
System angetriebener umschlumgener Walzen,
Regelungstechnik und Prozess — datenverarbeitung,
21(3) (1973), pp. 69-104, 21(4) (1973), pp. 125-130,
21(5) (1973), pp. 157-162

[Fedor 2013] Fedor, P., Perdukova, D. and Ferkova, Z. Optimal
Input Vector Based Fuzzy Controller Rules Design.
Advances in Intelligent Systems and Computing,
Volume 189. Springer: 2013, pp. 371-380. ISSN 2194-
5357

[Fedor 2016] Fedor, P. and Perdukova, D. Model Based Fuzzy
Control Applied to aReal Nonlinear Mechanical
System. Iranian Journal of Science and Technology,

Transactions of Mechanical Engineering, 2016,
Vol.40, No.2, pp. 113-124, ISSN 2228-6187. DOI
10.1007/s40997-016-0005-9

[Ferreira 2015] Ferreira, M.C., et al. Fuzzy modeling based on
mixed fuzzy clustering for health care applications.
In: IEEE Int. Conf. on Fuzzy Syst., 2-5 August 2015,
Istanbul, Turkey: IEEE, pp. 1-5. DOI 10.1109/FUZzZ-
IEEE.2015.7338028

[Jefteniili 2006] Jeftenil, B., Bebit M. and Statkit, S. Controlled
multi-motor drives. In: International Symposium on
Power Electronics, Electrical Drives, Automation and
Motion - SPEEDAM, 23-26 May 2006, Taormina,
Italy: IEEE, pp. S14 53-59. ISBN: 1-4244-0193-3. DOI
10.1109/SPEEDAM.2006.1649985

[Johansen 1994] Johansen, T.A. Fuzzy model based control:
Stability robustness and performance issues. IEEE
Transactions on Fuzzy Systems, 1994, Vol.2, No.1,
pp. 221-233. DOI 10.1109 /ACC.2014.6859503

[Juditsky 1995] Juditsky, A., et al. Nonlinear black-box models in
system identification: mathematical foundations.
Automatica, 1995, Vol.31, pp. 1725-1750. DOI
10.1016/0005-1098(95)00119-1

[Khalifa 2022] Khalifa, Abd EI-Wahed, et al. Application of fuzzy
random-based multi-objective linear fractional
programming to inventory management problem.
Systems science & control engineering, December
2022, Vol.10, No.l1, pp. 90-103. DOl 10.1080
/21642583.2022.2040060

[Kuram 2013] Kuram, E. and Ozcelik, B. Fuzzy logic and
regression modeling of cutting parameters in drilling
using vegetable based cutting fluids. Indian Journal
of Engineering & Materials Sciences, February 2013,
Vol.20, No.1, pp. 51-58. ISSN 0971-4588

[Leso 2018] Leso, M., Zilkova, J. and Girovsky, P. Development of
a simple Fuzzy logic controller for DC-DC converter.
In: 18th IEEE International Conference on Power
Electronics and Motion Control (PEMC 2018), 2018,
Budapest, Hungary: IEEE, pp. 86-93. ISSN: 2469-
8741. DOI: 10.1109/EPEPEMC.2018.8521896

[Liao 2005] Liao, W.T. Clustering of time series data - A survey.
Pattern Recognit., 2005, Vol.38, pp. 1857-1874. DOI
10.1016/j.patcog.2005.01.025

[Liu 2016] Liu, X., et al. A new Takagi-Sugeno fuzzy approach of
process modeling and fault detection. In: 35th
Chinese Control Conference—CCC, 27-29 July 2016,
Chengdu, China: |EEE, pp. 7126-7130. DOI
10.1109/ChiCC.2016. 7554483

[Pedrycz 1984] Pedrycz,W. An identification algorithm in fuzzy
relational systems. Fuzzy Sets Syst., July 1984, vol.13,
no.2,  pp. 153-167. DOI 10.1016/0165-
0114(84)90015-0

[Rani 2012] Rani, S. and Sikka, G. Recent techniques of clustering
of time series data: A survey. Int. J. Comput. Appl.,
2012, vol.52, no.15, pp. 1-9. DOI 10.5120/8282-1278

[Salgado 2016] Salgado, S. M., et al. Ensemble fuzzy models in
personalized medicine: Application to vasopressors
administration. Eng. Appl. Artif. Intell., March 2016,
vol.49, pp.141-148. DOI 10.1016/j.engappai.
2015.10.004

[Salgado 2017] Salgado, S. M., et al. Takagi-Sugeno Fuzzy
Modeling Using Mixed Fuzzy Clustering. |EEE
Transactions on Fuzzy Systems, December 2017,
Vol.25, No.6, pp. 1417-1429. DOI 10.1109
/TFUZZ.2016.2639565

[Schafer 2015] Schafer, H., et al. Analysing the segmentation of
energy consumers using mixed fuzzy clustering. In:

MM SCIENCE JOURNAL 2023 | JUNE
6451


https://www.scopus.com/authid/detail.uri?origin=resultslist&authorId=6508257339&zone=

IEEE Int. Conf. on Fuzzy Syst., 2-5 August 2015,
Istanbul, Turkey: IEEE, pp. 1-7. DOI: 10.1109/FUZZ-
IEEE.2015.7338120

[Sjoberg 1995] Sjoberg, J., et al. Nonlinear black-box modeling in
system identification: a unified overview.
Automatica, 1995, Vol.31, No.12, pp. 1691-1724. DOI
10.1016/0005-1098(95)00120-8

[Vo 2020] Vo, H.H., Kuchar, M., Brandstetter, P. Application of
fuzzy logic in sensorless induction motor drive with
PWM-DTC. Electrical Engineering, 2020, vol. 102, no.
1, pp. 129-140. DOI 10.1007/s00202-019-00810-z

[Wu 2012] Wu, J., et al. A generalization of distance functions
for fuzzy-means clustering with centroids of

CONTACTS:
prof. Ing. Daniela Perdukova, Ph.D.

arithmetic means. IEEE Trans. Fuzzy Syst., June 2012,
Vol.20, No.3, pp. 557-571. DOI
10.1109/TFUZZ.2011.2179659

[Zuo 2017] Zuo, H., et al. Fuzzy Regression Transfer Learning in
Takagi—Sugeno Fuzzy Models. IEEE Transactions on
Fuzzy Systems. December 2017, Vol.25, No.6, pp.
1795-1807. DOI 10.1109/TFUZZ.2016.2633376

[Yan 2014] Yan, L. and Ma, Y.M. Modeling fuzzy information in
fuzzy extended entity-relationship model and fuzzy
relational databases. Journal of Intelligent & Fuzzy
Systems, 2014, Vol.27, No.4, pp. 1881-1896. DOI
10.3233/1FS-141154

Technical university of Kosice, Faculty of Electrical Engineering, Dept. of Electrotechnics and Mechatronics

Letna 9, Kosice, 042 00, Slovak republic
+421 55 602 2256, daniela.perdukova@tuke.sk

prof. Ing. Pavol Fedor, Ph.D.

Technical university of Kosice, Faculty of Electrical Engineering, Dept. of Electrotechnics and Mechatronics

Letna 9, Kosice, 042 00, Slovak republic
+421 55 602 2251, pavol.fedor@tuke.sk

MM SCIENCE JOURNAL 2023 | JUNE
6452



