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Abstract

Electromechanical systems are inherently hybrid in nature, combining electrical and me-
chanical processes, and their increasing complexity requires the development of universal
and computationally efficient mathematical models. In this study, we propose a macro-
modeling approach that represents the electromechanical system as a “black box,” in
which internal physical processes are disregarded and the system behavior is defined
solely by the relationship between input and output signals. The identification of such
macromodels is reduced to solving a nonlinear optimization problem. To address this
challenge, the directed cone method is applied, which searches for the global minimum
of the objective function through stochastic movement across the hyperplane defined by
the optimization problem. Several algorithmic improvements of the directed cone method
are investigated, including step-size adaptation, simultaneous adaptation of step size and
hypercone opening angle, and a tunneling procedure. Their effectiveness is evaluated
using the construction of a macromodel of a single-phase asynchronous motor as a case
study. Performance was assessed according to computational complexity (measured as the
number of objective function evaluations until convergence), relative modeling accuracy,
and the dynamics of progression toward the global minimum. The experimental results
show that the tunneling-based algorithm provides the highest modeling accuracy with
the lowest computational cost, whereas the step-size-only adaptation was found to be the
least effective. The proposed approach demonstrates the feasibility of constructing accurate
macromodels of electromechanical systems that can be integrated into computer-aided
modeling environments such as MATLAB/Simulink R2023b. Future work will focus on
extending the approach to a broader class of electromechanical systems and developing
hybrid algorithms to enhance robustness with respect to model nonlinearity.

Keywords: electromechanical systems; macromodeling; nonlinear optimization; stochastic
optimization; directed cone method; step-size adaptation; tunneling procedure; single-phase
asynchronous motor; MATLAB/Simulink integration; model identification

1. Introduction

A significant proportion of modern devices used in everyday life can reasonably be
considered hybrid systems, in which elements of different nature and operating principles
are combined. A typical example of such systems is represented by electromechanical
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systems, which include both purely electrical or electronic units and units that generate
corresponding mechanical actions. In general, the operation of these systems is based on
the principles of electromechanical energy conversion [1].

Today, electromechanical systems are employed in a wide range of application do-
mains. Their continuous increase in complexity is accompanied by structural and functional
diversification, as well as integration with other technical subsystems [2,3]. This, in turn,
stimulates the emergence of new research directions in the field of electromechanics, such
as geo-electromechanics, helio-electromechanics, nano-electromechanics, structural elec-
tromechanics, and genetic electromechanics [1,4]. These directions significantly extend
the scope of application of both existing and newly developed electromechanical systems
and devices.

One of the research objects in this study is the single-phase induction motor, which
possesses several advantages, including a simple and robust design, self-starting capability,
low manufacturing and operating costs, wide applicability, and favorable operational
characteristics such as minimal vibration and noise. These motors are widely used in
various applications, including air ventilation systems, liquid pumping, conveyor line
drives, packaging machinery, and household appliances such as refrigerators, mixers, and
washing machines [5-8].

However, the global trend toward improving the energy efficiency of electrical
equipment—particularly in household applications [9,10]—has intensified scientific in-
terest in investigating the operating behavior of induction motors through mathematical
modeling and simulation of their various modes of operation [11,12].

The analysis and synthesis of modern complex systems, including electromechanical
systems and their integration with other subsystems, require the construction of appropriate
mathematical models of individual elements, objects, or systems. It is evident that such
models must be adequate in terms of the principles of system operation and the nature
of the processes they describe. At the same time, the mathematical apparatus employed
in these models should be compatible with contemporary computer-aided mathematical
modeling environments, such as MATLAB/Simulink R2023b [13]. Furthermore, given the
diversity of electromechanical systems, the development of universal approaches to their
modeling remains highly relevant.

2. Review of Modeling Methods for Electromechanical Systems

The nature of any electromechanical system or object necessitates that their models ac-
count for both the electrical parameters of the elements and the dynamics of the mechanical
parts, which are induced by the action of the magnetic field. Traditional modeling methods
of electromechanical systems involve the simultaneous use of the mathematical apparatus
typical of electrical circuit theory and mathematical relations describing magnetic field
effects [14]. As a result, the overall mathematical model of the system, represented in the
form of a set of strongly nonlinear differential equations, often becomes overly complex.
Moreover, constructing such a model typically requires the introduction of simplifying
assumptions that allow for a certain level of abstraction tailored to a selected operating
mode of the system [15]. Consequently, this process demands a high level of expertise
from the researcher, which limits the pool of potential users of such models. It is also
important to note that electromechanical systems rarely operate autonomously; rather, they
usually function as components of larger and more complex systems. Hence, the excessive
complexity of their models can negatively impact the process of integrating them with
models of other subsystems.

At present, many electromechanical systems and objects are modeled using computer-
aided tools. For instance, the MATLAB/Simulink R2023b library contains models for
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various operating modes of a number of electromechanical objects. However, when
constructing new models, the researcher must carefully analyze the detailed structure
of the target system and specify the constraints associated with the selected operating
mode. Furthermore, challenges related to the compatibility of models across different
systems persist.

In our view, a macro-approach provides a more suitable framework for modeling
electromechanical systems [16]. In this case, the entire system is treated as an indivisible
“black box,” whose behavior is modeled on the basis of observations of input and output
signals [17]. The resulting representation is commonly referred to as a macromodel. In
such models, the physical processes occurring within the electromechanical system are not
explicitly considered, while the internal parameters of any nature are described by formal
variables. This approach eliminates the necessity of reconciling separate equations that
independently describe the electrical and mechanical parts of the system. Consequently, the
total number of equations in the model is reduced, and their nonlinearity is usually limited
to a low-degree polynomial. The application of the macro-approach therefore mitigates the
complexity associated with ensuring consistency between systems.

To simplify the representation of various operating modes of electromechanical sys-
tems, the principles of macromodeling are employed [18]. Macromodels have long been
utilized for the modeling of diverse physical objects. At the present stage of modeling
complex electrical systems, several main types of macromodels can be distinguished. The
most common among them are schematic macromodels, symbolic macromodels, and
mathematical macromodels [19,20].

When using schematic (circuit-based) macromodels, the original circuit of the elec-
tromechanical system is replaced by a simplified equivalent containing fewer elements and
adopting a more abstract representation of their behavior [21-23]. The most widely applied
macromodels of this type are equivalent circuit models, in which a linear two-terminal
element is replaced by a voltage source connected in series with the total internal resistance
of the source [16]. However, such macromodels have notable disadvantages. Specifically,
a separate parameter identification procedure must be developed for each system type,
and their applicability is limited, particularly in the case of electromechanical systems with
complex nonlinear dynamics.

Symbolic macromodels are constructed using previously solved and compiled systems
of equations, implemented as subroutines that describe individual subcircuits. During the
modeling of a specific subsystem, the corresponding subroutine is invoked to generate the
parameters of the subcircuit, which are subsequently reconciled with other data required
for modeling the remainder of the electrical system [24-29]. Developing a custom computa-
tional program based on this approach necessitates a preliminary analysis of algorithms,
structural features, and a library of mathematical models representing typical elements
of electrical and electromechanical systems, along with tools for processing and interpret-
ing the results. Significant difficulties arise when incorporating these macromodels into
standard simulation software, since such programs are primarily designed for analyzing
systems composed of idealized or simplified multiport elements. The libraries available
in these tools include only a limited number of predefined element models, while the
implementation of new models requires considerable programming effort and time [30].

The existing models of electromagnetic devices are not always directly compatible with
modern software environments for the analysis of electrical systems. In most modeling
approaches, the elements of an electrical system are described based on their physical
and structural characteristics, i.e., their internal parameters. This approach ensures high
accuracy and generality but becomes increasingly difficult to apply to elements with
complex internal structures.



Energies 2025, 18, 5949

40f19

Mathematical macromodels are developed on the basis of simplified mathematical
descriptions of complex elements. These simplified relationships may include approxima-
tion functions, often expressed as polynomials or piecewise-linear relations. The resulting
macromodels are analyzed using specialized techniques for circuit analysis [19].

A qualitative assessment of a macromodel is typically performed according to several
criteria: accuracy, scope and applicability, and the computational cost associated with model
construction and validation. The accuracy of a macromodel is evaluated by measuring the
deviation of simulation results produced by the developed macromodel from the reference
data used during its development.

An electromechanical system is generally treated as a dynamic system, interacting
with the external environment through the exchange of input and output signals, which
causes changes in its internal state. A dynamic system can be represented using either
continuous or discrete macromodels, depending on how the input and output signals, as
well as the internal state variables, are expressed. Continuous macromodels are typically
formulated as differential or integral equations [31,32], whereas discrete macromodels are
expressed in the form of difference equations [33]. The use of discrete macromodels is
particularly advantageous when the available data are recorded at discrete time intervals,
which is often the case in practical signal acquisition systems.

In this study, we employ discrete mathematical macromodels, which correspond to
the discrete nature of signal sampling used for model construction.

3. Materials and Methods
3.1. Problem Statement

In most cases, the macromodel of an electromechanical system is nonlinear. From the
perspective of macromodeling, system nonlinearity implies that the relationship between
the input and output signals of the “black box” is described by a nonlinear vector function.
Since the macromodel does not account for the internal structure of the real electrome-
chanical system, selecting the appropriate function is a challenging task. This problem
is addressed through structural and parametric identification of the mathematical model,
which relies on the analysis of real input and output signals of the system (v and y*) [34,35].

In many cases [36,37], the structural and parametric identification of a mathematical
model is a multi-stage process, in which the functional form and coefficients are gradually
selected to describe system behavior. The ultimate goal of this process is to identify
a function ©(e) that most accurately reproduces the actual behavior of the system under
given operating conditions. As an accuracy criterion, researchers commonly adopt the
deviation between the model output signals, computed by the selected function (y), and
the real output signals of the system (y*).

In the multidimensional case, the macromodel with an identified structure can be

V= @(3, E), M

—
where ; is the vector of modeled output signals,  is the vector of input signals, B is the

represented as:

vector of model parameters, and @ (e) is a nonlinear function of a given structure.
According to the chosen accuracy criterion, a target function for the optimization
problem is constructed, for example [16]:

o(F) = lv v

2

7 (2)
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where ? is the vector of output signals of the macromodel and N is the number of output
signal values considered during modeling.
Solving the optimization problem yields values of the macromodel parameter vector

%
B that minimize the target function, i.e.,
4) .
Q ( B ) — min. 3)

The constraints of the optimization problem are determined by the real operating
conditions of the modeled system.
It is well known that the optimization process is iterative. At each i-th iteration,

an attempt is made to approach the extremum of the target function Q(e) by updating
= (i)
the components of the parameter vector § . In this context, the extremum corresponds
— ()
to the minimum of the target function. The components of B  serve as coordinates in

a hyperspace, where a hyperplane with a relief defined by the target function is formed.
Consequently, changes in coordinates represent movement along the hyperplane, with the
ultimate goal of reaching its lowest point, i.e., the global minimum.

During this movement along the hyperplane, for example using the generalized
reduced gradient method [38], it is possible to fall into a local minimum, after which the
search for the global minimum terminates. In many cases, such a local minimum does not
satisfy the conditions of the optimization problem (3), which require finding the global
minimum of the target function. Therefore, solving this optimization problem necessitates
a method that allows escaping from a local minimum and gradually moving toward the
global minimum across the hyperplane.

Stochastic optimization methods are considered effective for searching the global
minimum of multiextremal functions of multiple variables. These methods assume
that at the i-th iteration, a new parameter vector is computed for the function Q(e) in
a random manner:

B =R(B B .., QM )QB  )d) (4)
— (i)
where R(e) is a certain function that defines how the parameter vector §  changes, and x
is a random variable.

Some stochastic methods for global minimum search allow leaving the attraction basin
of a local minimum of the target function and proceeding to search for other minima, one of
which is the global minimum. Among such methods is the directed cone method, originally
proposed by Rastrigin [39,40]. This method and its further improvements make it possible
to achieve the global minimum in solving nonlinear multiextremal optimization problems
with relatively low computational costs [41].

3.2. Review of Directed Cone Methods in the Identification of Mathematical Models
The directed cone method performs the search for the minimum of the target function
through stochastic movement along the hyperplane described by the function Q(e). To
prevent the random return to previously visited points of the hyperplane, at each i-th
—
iteration, a memory vector W; is introduced. On the subsequent (i 4+ 1)—th iteration,
a new memory vector is formed according to the general expression:

— (i)

— - = =)
Wit1 =QW;, A ,AQ(B 1)), ()
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=
where (2(e) is a vector function defining the update of the memory vector depending on
— — (i)
the previous memory W;, the change in the search point on the hyperplane AQ( ), and
= (i)
the change in the direction of the argument vector of the target function A

Since the directed cone method is stochastic, the direction of movement along the
hyperplane at each iteration is chosen randomly according to a predefined probability
distribution. The probability density of selecting a successful search direction at the i-th
iteration, denoted as p;, is expressed in general form (e) by a function.

—

— (i)
pi=G(AB , W) (6)

In the basic directed cone method proposed by Rastrigin, the search for the global
minimum of the target function is performed in two stages [41].

At the first stage, the initial direction of movement along the hyperplane is determined.
—(0)
After selecting the initial point B, the process performs a stochastic orientation in hyper-

space to define the subsequent search direction. Specifically, a hypersphere of radius i is
—(0)
constructed with its center at B . The radius defines the step size of the movement. A set

of m trial points is randomly generated on the surface of this hypersphere under a uniform

distribution. The trial point at which the target function attains its smallest value is selected
—(1) -(0) —(1)
as the next search point, denoted § . Using B , B and h, the initial memory vector

W is calculated as:
—(1)  —=(0)

Wy = % %

The second stage of the basic directed cone method is repeated iteratively until the

value of the target function ceases to decrease. At each i-th iteration, a hypercone is
— (i) —
constructed with its apex at B, axis W;, height h and opening angle ¥. The base of
— (i)
this hypercone corresponds to a portion of the hypersphere surface centered at §  with

radius h. Several trial points are randomly selected on this base according to a uniform
—(i+1)
distribution. Among these, the point (8 ) that minimizes the target function is chosen.

The new memory vector is then updated as:

—@+1) =)

17\/4 = V_>V A.ﬁ ___F 8
i+1=pP i+ n ’ ()

where0<p<1,0<A<L

There are three possible reasons why;, after a certain number of iterations, the target
function no longer decreases. The first is that the global minimum has been reached, in
which case the optimization problem is fully solved.

The second occurs when, under the chosen search parameters, reaching the global
minimum is impossible—for instance, when the relief of the hyperplane near the minimum
forms a narrow valley. In this situation, the search may oscillate between the valley’s
slopes without descending to its bottom. Resolving this requires adjusting the search
parameters to better match the relief or adopting a different optimization method [16]. The
third reason is that the process has become trapped in a local minimum or its attraction
basin. Such a situation, referred to as a local minimum trap, prevents the attainment of the
global minimum.

Two general strategies exist for addressing global optimization in multiextremal func-
tions. One aims to avoid local traps altogether, often by employing heuristic methods [42].
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The other develops procedures to escape a local minimum once trapped. This involves
finding a trajectory that climbs out of the local basin, crosses the ridge, and then resumes
the directed cone procedure on the opposite slope. The search process continues until
either the global minimum is reached or acceptable conditions of the optimization problem
are satisfied.

In the basic directed cone method, the escape direction is aligned with the last descent
trajectory along which the target function was still decreasing. The underlying assumption
is that continuing in this direction enables climbing the opposite slope. However, this is not
always optimal, as the search may return to the same local basin after a few iterations [10].

To address this limitation, [43] proposed two additional stages. The first involves
reorientation at the local minimum point (or within its basin) by constructing a hypersphere
of radius h centered at the endpoint of the local search, together with a hypercone oriented

opposite to the previous descent direction. Several trial points are randomly chosen outside
—(0)
the base of this cone, and the point producing the fastest escape is selected as f . The

corresponding initial memory vector is then computed using (7).

The second additional stage continues the ascent toward the ridge. This process
modifies the basic directed cone method by sequentially building hypercones with axes
updated according to (8), while increasing the cone height by Al and decreasing the
opening angle by AY¥. This accelerates the climb by lengthening the step and concentrating
trial points, thereby reducing the likelihood of falling back into the local basin. Once the
ridge is reached, the search for the global minimum proceeds using the standard two-stage
directed cone method.

It should be noted that the performance of any optimization method strongly depends
on its characteristic parameters. For the directed cone method, these include the hyper-
sphere radius (or cone height) i, which defines the step size; the opening angle ¥, which
limits the search directions; and the number of trial points, which controls the diversity of
candidate directions. The choice of these parameters influences both the accuracy of the
results and the computational cost.

In practice, selecting optimal parameters in advance is difficult because the relief of
the hyperplane defined by the target function is often unknown. Broad valleys require
large step sizes to accelerate convergence, while narrow attraction basins demand smaller
steps to avoid overshooting. Consequently, the most effective strategy is to adapt these
parameters dynamically throughout the search process according to the local characteristics
of the target function.

In this study, we focus on adapting the step length and cone opening angle, while the
problem of adjusting the number of trial points requires further investigation.

3.3. Method for Improving the Directed Cone Approach

Adaptation of the Step Size in the Global Minimum Search. According to the directed

cone method, the radius of the hypersphere or the height of the hypercone, #, specifies the
(i) (i)
distance between the points §  and § in the argument space of the target function

at the i-th and (i + 1)-th iterations, respectively. Thus, I represents the step size, which
determines the speed of movement along the hyperplane. The larger the step, the greater
the distance between two consecutive search points on the hyperplane. Clearly, the greater
the distance covered in a single iteration, the faster the movement along the hyperplane. If
this movement is in the correct direction toward the global minimum, increasing the step
size is advantageous, as it reduces the number of iterations and thereby decreases both
time and computational costs.

However, for complex hyperplane reliefs, an excessively large step size may cause the
search to overshoot the global minimum. In such cases, subsequent iterations may initially
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lead not toward the minimum but away from it, increasing the overall number of iterations
required. Therefore, when approaching the global minimum, it is advisable to decrease the
step size according to the local relief. While this increases the number of iterations in the
attraction basin, it also improves the likelihood of rapidly reaching the global minimum
and enhances the accuracy of its estimation. Thus, reducing the step size in the attraction
basin of the global minimum simultaneously increases accuracy and can reduce the overall
computational effort.

To balance rapid movement across the hyperplane with careful refinement near
the global minimum, a flexible step-size adaptation algorithm should be applied. Such
an algorithm must adjust the step size according to the characteristics of the hyperplane relief.

An adaptation algorithm for the step size in the directed cone method was proposed
in [36]. This algorithm is based on the assumption that, at the i-th iteration, among the
randomly selected trial points on the hypercone base, there exist “successful” points that
move the search in the correct direction toward the global minimum. A trial is considered
successful at the i-th iteration if the following conditions are met:

The target function value at the trial point is smaller than at the cone apex, and the
probability of success at each iteration p; equals a predefined parameter p, s, independent
of the local properties of the target function:

Pi = Pefs )

where (0 < p.r <1).

If the target function is defined over n variables, then it lies in an n-dimensional
hyperspace R". Accordingly, the surface area of the hypersphere, as well as the area of the
hypercone base, lies in R"~!. For a fixed opening angle of the hypercone, the base area at
the i-th iteration can be expressed as:

s; = Ky-h!'™1, (10)

where K;; is a coefficient depending on the cone’s opening angle.
If s; denotes the segment area of the hypercone base that contains successful trials at
the i-th iteration, then the probability of success is defined as:

~

pi= ' (11)

It follows that smaller values of s; increase the success probability. Thus, when
necessary, the step size should be reduced according to (16) to raise the probability of
success. For successful movement toward the global minimum in narrow valleys of the
hyperplane relief, the following condition should hold: Sit1 ~ s;and Pit1 = Pef-

Considering these conditions, as well as (10) and (11), the step size at the (i + 1)-th

iteration is determined by:
1

\ n1
higy=hi| o) (12)
Pef

Here, the probability p; is estimated based on the number of successful trials at the
i—th iteration:

, (13)

where m is the total number of trials performed with step size h = h;; m is the number of
successful trials.
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Thus, the fewer successful trials observed at the i-th iteration, the smaller the step size
for the next iteration. This typically occurs when moving along the steep slopes of narrow
valleys, where step reduction improves the probability of success. Conversely, on broad,
shallow slopes of the hyperplane, the number of successful trials increases, allowing the
step size to grow.

Adaptation of the Opening Angle of the Hypercone. The opening angle of the
hypercone determines the area of its base, on which the trial points for further movement
along the hyperplane are selected. Clearly, the smaller the opening angle, the smaller
the base area, and hence the denser the distribution of trial points. This makes the
movement along the hyperplane more directed toward the desired minimum, thereby
accelerating convergence.

However, if the search direction on the hyperplane needs to be altered, the trial points
should be more widely spread. In this case, the probability increases that one of the points
will be closer to the global minimum than the others, reducing the total number of iterations
required. Thus, in order to diversify the trial points, the opening angle of the hypercone
should be increased.

Therefore, to accelerate the optimization process, it is necessary to adapt the opening
angle of the hypercone in accordance with the current search direction along the hyperplane.

An algorithm for adapting the hypercone opening angle was proposed in [44,45],

- =

based on the angle between the hypercone axes at two consecutive iterations, Z(W;, Wi 1).

According to the basic directed cone method, the distribution of trial points on the hy-
percone base is uniform, and the dimensionality of the base corresponds to the hyperspace
R"~1. Thus, the probability that, for small angles, a random attempt will fall within the
sector limited by the opening angle ¥ relative to the axis of the hypercone is proportional
to ¥ 2. Consequently, the distribution of the value ¥"~! is uniform and independent of
the dimensionality of the target function [16].

The deviation of the hypercone axis direction at iteration (i 4+ 1) relative to iteration i,
considering the opening angle at iteration ¥;, is defined as:
Z - - ) n—1

Wi, Wi_1

=l Ty (14)

For successful trials, the distribution of y over the interval [0, 1] is uniform, indicating
independence from the target function. The mathematical expectation in this case equals
0.5. A higher expectation indicates that the hypercone axis is changing direction, and thus
the opening angle should be increased. Conversely, if the expectation is less than 0.5, the
axis direction remains stable, and the opening angle should be reduced.

Accordingly, the adaptation of the hypercone opening angle is performed using
the formula:

¥ =871, (15)

where 6 > 1 is a constant. The larger the value of this constant, the faster the hypercone
opening angle adapts.

Simultaneous Adaptation of Step Size and Hypercone Opening Angle. It is evident
that, during the search for the global minimum, both the step size and the opening angle of
the hypercone can be adapted simultaneously. However, a situation may arise in which
adjusting the step size at a given iteration negates the positive effect of modifying the
hypercone opening angle, and vice versa. Therefore, it is necessary to coordinate the
adaptation algorithms for these optimization parameters.
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In [16], it was proposed that, at the i-th iteration, both the step size and the opening
angle of the hypercone should be adjusted in such a way that the base area of the hypercone
remains constant. Considering this condition, along with (12) and (15), the step size update
during adaptation of the hypercone opening angle can be expressed as:

1

S\ 1
hiq = h;- (;’;) 5@, (16)
e

Typically, when all trials at a given iteration are unsuccessful, the step size should be
halved, while the hypercone opening angle should be increased by a factor of 1.5 [16].

Numerical experiments have demonstrated [41] that the performance of the simulta-
neous adaptation algorithm improves when the expected deviation of the hypercone axis
direction is reduced. Taking this into account, (15) can be reformulated as:

¥ =017y, (17)

where 1 < u < 2 is a coefficient. At the same time, the step size should be increased

accordingly:
1

n—1
hig1 = h;- <pl> s (=1 (18)
Pef

Tunnel Transition Procedure. As mentioned earlier, when the search for a minimum
proceeds along a narrow valley in the hyperplane relief, frequent switching from one side
of the valley to the other may occur, resulting in slow progress toward the minimum point
located at the valley floor. To accelerate descent into the valley bottom, it is necessary to
reduce the step size. However, this inevitably increases the number of search iterations,
thereby raising both computational time and cost.

To overcome this limitation, a tunnel transition procedure (tunneling) was pro-
posed [16,30]. The essence of this procedure lies in determining a statistically justified
optimal movement direction along the valley of the hyperplane relief, combined with an
increased step size.

The tunneling procedure assumes that, at a certain search stage, the current position

—

on the hyperplane B,,,; is recorded. Then, following a predefined algorithm, a series of
—

search iterations is performed. At the final iteration of this series, a new point §,, ; on
— — —
the hyperplane is identified. The vector B,; = B,,;— Bstart 1S considered the averaged

direction of the valley continuation, along which the search should proceed toward the
minimum. In this case, movement can be carried out with a significantly larger step
size. This allows for a sharp relocation along the valley, in contrast to the incremental
zig-zag movement across its slopes. Hence, the procedure is analogous to creating
a tunnel transition.

Unlike the known methods [16,46-50], the paper proposes an improved tunneling
procedure based on the search for the step parameter ¢. To determine the optimal step
size after establishing the valley direction, it is proposed to solve an auxiliary optimization
problem aimed at finding the minimum of the following objective function:

(¢) =Q(Bong + - Baa): (19)

The scalar solution ¢* of this problem is then used to compute the next point on
the hyperplane:

— — .
:Bi+1 :ﬁend+§0 ':Bad' (20)
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5
If the point B, ; advances the search toward the minimum, movement in this direction

continues with the same step size. Otherwise, the process returns to the point E end @and
the search is resumed using standard algorithms without tunneling. Nevertheless, the
tunneling procedure may be re-applied later at another stage of the optimization. Further-
more, unlike the known method in which the tunneling procedure is initiated manually
by the user, the proposed approach introduces a mathematical relation that automatically
triggers the tunneling procedure. This procedure is based on the evaluation of the objective
function value and the step length, as follows:

if (’Q(Em) -0(B)| <o (Em> and ||, — Bl < 116, —EHH)

— (i)
where AQ*(B ) denotes the minimum allowable change in the objective function value

between iterations. This value is set to be less than 5%, given that the objective function
is normalized to unity. When the specified condition is satisfied, the tunneling procedure
is automatically initiated. The exit from the tunneling phase occurs after solving the
optimization problem (20), that is, after completing one tunneling step.

The efficiency of the proposed procedure is demonstrated through a specific example of
model construction, enabling a comparative evaluation with the aforementioned stochastic
search methods. .

It is also important to note that the main challenge in determining the vector §, whose
components Ay, Ay, ..., Ay, represent the model parameters, lies in specifying their initial
values and parameter constraints. Based on our experience with this class of optimization
problems, all initial parameter values in the computational algorithms are set to zero.
Moreover, unlike classical optimization methods, we do not impose explicit constraints on
parameter values (due to the complexity of the optimization problem). Instead, in each
optimization run, we limit either the number of iterations or the execution time, which
ensures computational feasibility and stability of the optimization process.

4. Result and Discussion

The application of the directed cone method and its corresponding software implemen-
tation are demonstrated using the example of constructing a macromodel of a single-phase
induction motor, the external view of which is presented in [11].

An induction motor can be regarded as an electromechanical system in which elec-
trical and mechanical processes are intrinsically coupled. When an electric current flows
through the stator windings, a magnetic field is generated that induces rotation of the rotor.
Consequently, the description of the motor’s operation must simultaneously account for
electrical variables—such as currents and voltages—as well as for mechanical quantities,
including torque and load. To achieve this, a macroscopic modeling approach is employed.
The mathematical macromodel enables the integration of variables describing phenomena
of different physical natures by means of formal parameters. Since discrete data were used
for model development, the macromodel is constructed in a discrete form.

When describing a dynamic system with multiple inputs and outputs, it is convenient
to use a macromodel in the form of discrete state equations [16]. The general structure of
a nonlinear model with a clearly defined linear part can be expressed as:

—(k+1) _ 1—"?(’() n G?(k) n 8(¥(k) ;(K))
—(k+1) —(k+1)
y =Cx

=

7

(21)
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k
where 5}( ) is the vector of input signals defined at the k-th time step (k = 0,N); with N

. . . . T L O
being the number of discrete values considered in the macromodel construction; y( ) is

k
the vector of output signals at the (k + 1)-th time step; 2( ) is the vector of formal (state)
variables at the k-th time step; F, G, C are real matrices of appropriate dimensions; and

8(0) is a nonlinear vector function of the corresponding dimension.

Such a macromodel structure is convenient for systems that may operate in both linear
and nonlinear regimes. In the linear case, only the linear part of the model is considered.
Moreover, this structure offers advantages during simulation due to the possibility of
step-by-step construction of the macromodel [16], as well as the potential for parallelization
of computational procedures.

To construct a macromodel of a single-phase induction motor, a set of transient charac-
teristics was selected to represent three key dynamic processes: motor start-up, stalling,
and mechanical load shedding. The input variables of the macromodel were the supply
voltage U and the mechanical torque applied to the rotor M(¥), while the output variables

were the stator current I®) and the rotor speed w¥), where k = 0,N. Accordingly, for the
k k

macromodel of type (21), the following condition holds: dimg( - dim;( - 2.

Figures 1 and 2 present the overall view of the initial data set and a magnified fragment

corresponding to the moment of load application.

u(x100 V), M(On/Off), i(A), w(x1000 rot/min)

0 1 2 E 4 5 3

5 1, sec.
— —] W [\

Figure 1. Input data used for the construction of the macromodel.

u(x100 V), M{On/Off), i(A)
25

- r{\ [

0.5

o
-05
-1
-15
-2

-2.5
226 228 230 232 234 2.36 2.38 240
t, sec.

—_—l —M ]
Figure 2. Enlarged fragment of the input data used for macromodel construction at the moment of
mechanical load increase. The rotor speed remains unchanged within this fragment and is therefore
not shown.
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A fragment of the discrete data used for the parametric identification of the macro-
model is provided in Appendix A.

The structure of the macromodel was selected in accordance with the form presented
in [34]:

xgkﬂ)

(k)

3
=A1vy + /\Z'xék)mgk) + As- (xgk)>

x£k+1) _ /\S.xgk) JrA“)gk) +A7+As-x§")~v§") ng)

+ A10~x§k) -Xék) .

22
xékH) = /\11-x§k) + Alz-vgk) + /\13-x§k)-v§k) + A1a -vgk + A15-x£k)-v§k)-v§k) (22)
y§k+1) _ A16.x£k+1) n A17_x:(,,k+1)
y§k+1) _ A18'x£k+1)

where vk = U(k); vk = M(k); yi") = I(k);ygk) = w®); A1, As, A6, A1, A1z, Ate, A1z, Ais
are non-zero elements of the matrices F, G, C; Ay, A3, Ag, A7, Ag, Ag, A10, A13, A1a, Aq5 are
coefficients of the nonlinear function 8(0) ; k=0,N.

The essence of parametric identification of macromodel (22) lies in finding such
parameter values A1, Ay, ..., Agg, that the model most accurately reproduces the real
behavior of the single-phase asynchronous motor under specified operating conditions.

Thus, it is necessary to solve an optimization problem of type (3), where the components of
%

.y /\18-
Considering the number of system output signals (i.e., the dimension of y(k) and the

the parameter vector B correspond to the model parameters A4, A, ..

number of discrete input and output values used for modeling), the objective function of
the optimization problem takes the form:

. 2
Q(A1, Az, ..., Agg) = ZII:I:I 2]11 (y]'(k) N I('k)) ! @)

(k)

corresponding value of the output signal obtained from model (22).

where y; denotes the k-th discrete value of the j-th real output signal, and y](k) is the

The solution of optimization problem (23) for the parametric identification of macro-
model (22) using the directed cone method without adaptation of optimization parameters
significantly exceeded the expected computational time under the selected simulation
conditions. Therefore, the main focus was shifted to the use of three algorithms that in-
corporate parameter adaptation, namely: adaptation of the step size only (Algorithm 1),
adaptation of both step size and hypercone angle (Algorithm 2), and proposed with the
automatic implementation of the tunneling procedure (Algorithm 3).

The effectiveness of these algorithms was evaluated according to the following criteria:
(i) the number of objective function evaluations required to reach the global minimum,;
(ii) the relative modeling accuracy; and (iii) the dynamics of progression across the hy-
perplane towards the global minimum. The global minimum was defined as the point
beyond which further progression required a substantial increase in computational time.
The relative modeling accuracy was defined as the current deviation from the absolute
minimum of the objective function relative to its maximum possible value. The dynamics of
progression were characterized by the dependence of the approach to the global minimum
on the number of objective function evaluations.

Table 1 presents the first two performance indicators obtained for all three optimization
algorithms.
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Table 1. Results of the Evaluation of the Effectiveness of Optimization Algorithms.
. Algorithm 2 .
Indicator 1'\1gor1thm 1 . (Adaptation of Step Size and Algorithm 3
(Adaptation of the Step Size) (Proposed)
Hypercone Angle)
Number of objective function evaluations 1,000,029 1,000,026 1,000,001
Relative accuracy of the macromodel, % 0.85 0.63 0.53
As can be seen from the presented results, the most effective algorithm for the con-
sidered modeling task is the one incorporating the tunneling procedure. It provides the
highest modeling accuracy with the lowest computational cost. Conversely, the least effec-
tive among the applied algorithms was the one that included adaptation of the step size
only. Figure 3 illustrates the dynamics of progression across the hyperplane toward the
global minimum for the three algorithms under consideration.
Algorithm 1~ == Algorithm 2 Algorithm 3
14,000 L \
@ 12,000 T
© TN
z 10,000 |
L
T 8000
c
=)
= 6000
2
S 4000
CIJ
2
O 2000
0
10 100 1000 10,000 100,000 1,000,000

Number of objective function calculations

Figure 3. Dynamics of progression across the hyperplane toward the global minimum.

As illustrated in the figure, during the initial stage of the optimization process, the
algorithm with step-size adaptation only progresses toward the minimum point the fastest.
However, in the final stage, its speed becomes lower compared to the other algorithms.
Conversely, the algorithms with both step-size and hypercone angle adaptation, as well as
with tunneling, are relatively slower at the beginning but faster at the final stage. As can be
seen from Table 2, with the same number of objective function evaluations (approximately
1,000,000), the proposed algorithm provides a higher model accuracy, with a relative
macromodel error of 0.53%, compared to Algorithm 1 (adaptation of the step size) with
0.85% and Algorithm 2 (adaptation of both the step size and hypercone angle) with 0.63%.
The tunneling algorithm, in particular, is characterized by acceleration of the optimization
process in certain regions, which indicates the selection of an optimal movement direction
for the tunnel transition.
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Table 2. Parameters of the single-phase asynchronous motor macromodel.
Parameter Value Parameter Value
M 1.8005549 Ao 0.0021659
Ao —0.3947988 A1 0.9659041
A3 —0.0368145 A 0.1000000
Ag —0.0022357 A3 —0.1850695
As 0.9983555 A4 0.0067603
Ag —0.0005524 A5 0.0048879
Ay 0.0055210 A6 1.0000000
Ag —0.0012865 Az —0.8589651
Ag —0.0018468 Mg 1.0000000

Since the highest accuracy for the considered modeling task is provided by the directed
cone method with tunneling, the results of this algorithm are selected for the construction
of the single-phase asynchronous motor macromodel. Table 2 presents the values of
the objective function (23) arguments at the global minimum, which correspond to the
parameters of macromodel (22) that most accurately reproduce the operating mode of the
switched reluctance motor.

5. Conclusions

The complexity and diversity of electromechanical systems, as well as the need for
their integration with other systems, motivate the development of universal and adequate
mathematical models capable of being integrated into modern computer-aided model-
ing environments, such as MATLAB/Simulink R2023b. The problem addressed in this
study relates directly to this issue, namely the modeling of electromechanical systems by
developing a macromodel that integrates all elements of the system into a “black box.”
The behavior of this black box is modeled based on observations of input and output
signals, while the physical processes occurring inside the electromechanical system are
disregarded. This approach eliminates the need to reconcile separate mathematical rela-
tionships describing the electrical and mechanical parts of the system. Consequently,
the identification of the mathematical model of the electromechanical system is re-
duced to a nonlinear optimization problem. To solve this problem, the directed cone
method is proposed and substantiated, which involves searching for the minimum of
the objective function by stochastic movement across the hyperplane described by the
optimization problem.

In applying this method, the main focus was placed on reducing computational
complexity. Specifically, three improved algorithmic variants were proposed: (1) adaptation
of the step size only; (2) adaptation of both the step size and the hypercone opening angle;
and (3) the tunneling procedure.

The effectiveness of these algorithms was evaluated using the example of constructing
a macromodel of a single-phase asynchronous motor. The performance criteria included
the number of objective function evaluations until reaching the global minimum (computa-
tional time complexity), the relative modeling accuracy, and the dynamics of progression
across the hyperplane toward the global minimum. The global minimum was defined
as the point beyond which further progression requires a significant increase in compu-
tational effort. Relative accuracy was defined as the current deviation from the absolute
minimum of the objective function relative to its maximum possible value. The dynamics
of progression characterized the dependence of convergence toward the global minimum
on the number of objective function evaluations.
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The computational experiments demonstrated that the most effective algorithm was
the tunneling variant, which achieved the highest modeling accuracy with fewer computa-
tional iterations. In contrast, the least effective algorithm was the one involving adaptation
of the step size only.

Future research should expand the scope of analyzed electromechanical systems to
establish the robustness of the proposed method with respect to model nonlinearity and to
develop hybrid algorithms at different stages of the computational scheme of the method.
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Appendix A

Table Al. Fragment of the discrete data used for macromodeling.

oy=U® 0y =M® y, =1 yp=w® 0,=U® 0y =M® =1 yp=w®
0 0 0 0 1.381 0 1.946 2.158
—1.745 0 —2.297 0.132 1.277 0 1.978 2237
1.063 0 0.483 0.117 1.48 0 1.828 2.282
1.154 0 0.602 0.231 1.322 0 1.944 2.31
1.279 0 0.674 0.228 1.474 0 1.893 2.436
1.392 0 0.837 0.341 1.35 0 1.767 2478
1.531 0 0.92 0.324 1.216 0 1.845 2.523
1.665 0 1.065 0.362 1.228 0 1.767 2.638
1.456 0 0.8 0.402 1.376 0 1.932 2.728
1.608 0 0.95 0.481 1.21 0 1.729 2.767
1.727 0 0.962 0.475 - - - ...
1.74 0 1.164 0.547 —1.43 0 —0.111 4.095
1.713 0 1.25 0.584 —1.475 1 -0.15 4.164
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Table Al. Cont.

o,=U® 0, =M® y,=I® yp=w® 0=U® 0y =M® y,=I® yp=w®

1.845 0 1.347 0.641 —1.329 1 —0.192 4.049
2.026 0 1.503 0.695 —1.409 1 —0.145 4,138
2.149 0 1.648 0.722 1.734 1 —0.126 4.112
2.263 0 1.853 0.767 1.653 1 —0.048 4.09
2.27 0 1.885 0.807 1.662 1 —0.039 412
1.714 0 1.261 0.862 1.768 1 —0.039 4.093
1.72 0 1.274 0.907 0.887 1 —0.525 4.071
1.71 0 0.953 0.956 1.053 1 —0.324 4.091
1.714 0 1.188 1.013 1.118 1 —0.275 4,142
1.738 0 1.301 1.059 1.138 1 —0.308 4.04
1.17 0 2.188 1.101 1.229 1 —0.275 4.097
1.645 0 0.932 1.143 1.081 1 —0.301 4.037
1.709 0 1.135 1.189 0.42 1 —0.495 4,109
1.728 0 1.153 1.234 0.799 1 —0.457 4.039
1.751 0 1.295 1.304 —1.831 1 —0.548 4.122
1.885 0 1.338 1.366 —1.851 1 —0.573 4.096
2.087 0 1.479 1.411 —1.859 1 —0.574 4,135
2.172 0 1.536 1.452 —0.765 1 0.093 4.118
1.998 0 1.424 1.487 —0.792 1 0.127 4.086
2.126 0 1.441 1.541 —0.296 1 0.025 4.109
2.268 0 1.618 1.63 —0.223 1 0.318 4.065
2.256 0 1.691 1.674 —0.288 1 0.239 4.111
2.15 0 1.789 1.749 —0.173 1 0.33 4.092
2.185 0 1.864 1.779 —1.499 1 —0.435 4.047
2.102 0 1.873 1.822 —1.243 1 —0.082 4.121
1.746 0 1.929 1.911 —1.101 1 —0.013 4.038
1.53 0 1.952 1.965 1.257 1 0.358 4.075
1.379 0 1.953 2.008

1.162 0 2.036 2.046
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