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Abstract

This paper presents the design and multi-domain evaluation of three chaos-based excitation
strategies for brushless DC (BLDC) motor drives implemented using Chua circuit-generated
deterministic chaotic signals injected at three distinct control points: the PWM duty cycle,
the commutation sequence, and the current feedback loop. A systematic design methodol-
ogy is established for each injection architecture, including signal normalization, amplitude
parameterization, and injection point characterization, evaluated across the electromagnetic,
thermal, mechanical, and acoustic domains through MATLAB (R2024a) simulation and
physical test stand validation. PWM injection produces controlled spectral dispersion with
5-7% speed reduction and a 10-15 dB SNR decrease, making it the recommended design
choice for acoustic signature masking in stealth UAV applications. Commutation injection
achieves severe system destabilization with speed reduction exceeding 56% and SNR losses
greater than 30 dB, establishing it as a design tool for accelerated stress testing and fault
emulation. Current feedback injection delivers a balanced excitation profile with 12-20%
efficiency loss and 16-30% SNR reduction, making it suitable as a design method for online
parameter identification and adaptive control development. This study establishes the first
multi-domain comparative design framework for application-specific selection of chaos
excitation strategies in BLDC drives, supported by nonparametric statistical validation and
experimental acoustic confirmation, providing drive engineers with quantitative selection
criteria across four physical domains.

Keywords: engineering design methodology; brushless DC motor drive; Chua circuit;
chaos-based excitation; PWM design; multi-domain performance evaluation; application-
specific selection; acoustic signature control; stealth UAV design; system robustness

1. Introduction

High energy conversion efficiency, high power density and controllability have made
brushless DC (BLDC) motors an indispensable element of modern electric propulsion and
automation systems [1,2]. These motors are widely used in electric vehicles, industrial
robotics, renewable energy conversion systems, and unmanned aerial vehicles (UAVs),
where their benefits in operational reliability and performance have led to rapid uptake
in a variety of industries. The further development of BLDC technology, especially in the
attainment of low-cost, high-performance designs, has made possible the expansion of
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commercial drones and other uses that need agile dynamics, long-range operations, and
multi-axis control functionality.

Although conventional BLDC motor control methods are widely used, they have
serious limitations. Conventional methods like Proportional-Integral-Derivative (PID)
control, Field-Oriented Control (FOC) and Direct Torque Control (DTC) provide a good
performance in linear operating conditions with constant conditions [2—4]. Nevertheless,
these approaches find it difficult to deal with nonlinear motor dynamics, time-dependent
parameter variations, external perturbations, and acoustic signature control. Acoustic
noise control is especially problematic in stealth-sensitive applications like military surveil-
lance UAVs, covert operations, and wildlife monitoring, where the tonal frequencies of
BLDC motors can be a problem for detectability. The current control measures do not
have effective mechanisms of maintaining performance and obscuring acoustic signa-
tures at the same time, which is a major weakness that limits its application in sensitive
operational environments.

This paper addresses these challenges by thoroughly examining chaos-based control
of BLDC motor drives. This study uses chaos theory and deterministic characteristics of
chaotic systems to improve the robustness of motor drives, allow for faster fault simu-
lation, and minimize acoustic detectability by dispersion of spectral energy [5,6]. Com-
pared to stochastic processes, chaotic systems are sensitive to the initial conditions and
have aperiodic trajectories and complex attractors. In contrast to random noise injection,
chaotic signals offer structure complexity that can be specifically designed to enhance
system identification, fault detection, and resilience to perturbations as seen in power
electronics and industrial drive applications [7]. The circuit used in this work to produce
deterministic chaotic signals, which are injected at three different control points, is the
circuit of Chua [8-10]. The overall test measures the effects on the signal-to-noise ratio
(SNR), speed stability, thermal behavior, mechanical vibration, and acoustic emissions.
One of the novelties is the creation of a single software—hardware platform, which allows
one to compare injection strategies in various physical domains systematically prior to
hardware implementation.

This research addresses three critical gaps in the existing literature. Although chaotic
behavior has been reported in BLDC motors due to PWM nonlinearities [11], its intentional
use as a control mechanism remains underexplored. Furthermore, the existing chaos-based
motor control studies focus predominantly on single injection points without cross-strategy
comparison, and multi-domain evaluation combining electrical, thermal, mechanical, and
acoustic analyses is absent from this work. This study tests the hypothesis that strategic
injection of Chua circuit-generated signals at different control points produces distinct,
application-specific performance trade-offs. Specifically, three questions are addressed:
(1) Can PWM injection disperse spectral energy to obscure acoustic signatures without
serious performance degradation? (2) Can commutation injection serve as an accelerated
stress testing method during controlled instabilities? (3) Can current feedback injection
provide balanced system excitation for online parameter identification and adaptive control?
These questions are addressed through multi-domain simulation validated by physical
experimentation, offering a comprehensive framework for application-specific selection of
chaos-based control strategies in BLDC motor systems.

The remainder of this paper is organized as follows. Section 2 reviews the chaos
theory fundamentals, the Chua circuit, BLDC motor modeling, and positions chaos-based
control relative to modern control approaches. Section 3 presents the system modeling
methodology, including motor, thermal, and acoustic models, the three injection strategies,
and the experimental design. Section 4 reports the simulation and experimental results for
each injection strategy with statistical analysis. Section 5 discusses the results, compares the

https://doi.org/10.3390/designs10020033


https://doi.org/10.3390/designs10020033

Designs 2026, 10, 33

3 0f 31

findings against the existing literature, and outlines practical implementation guidelines
and future research directions. Section 6 presents the conclusions.

2. Literature Review and Theoretical Background
2.1. Chaos Theory in Engineering Systems

Chaos theory is based on systems whose dynamic properties produce significantly
disparate results due to small changes in the initial conditions [5]. Features of chaos
make it worthwhile for various engineering tasks, as unpredictable behavior can increase
system reliability, facilitate sophisticated fault detection, and enhance the discovery of
essential parameters. This phenomenon is described in Lorenz’s study of atmospheric
air currents, which laid the foundation for future research in this field. In this work,
Lorenz demonstrated that minor disturbances within a system can give rise to substantial
variations in time. A study by Poincaré of the three-body problem was the first work in
the field to provide fundamental ideas that remain the building blocks of chaos theory. A
dynamical system is generally presumed to be chaotic, with its mathematical modeling
encompassing nonlinear terms within differential equations. The time-dependent behavior
of a typical dynamical system can be regarded as a representation of this system:

= futp) <1>

With specific nonlinear effects that cause chaotic behavior, the system’s dynamics
switch to aperiodic behavior and depend significantly on the initial conditions, which can
be proven by the Lyapunov exponent A:

1ox(1)]
16x(0)] @

2.2. Chua’s Circuit: Mathematical Foundation and Engineering Relevance

The Chua circuit, first demonstrated by Chua, Komuro, and Matsumoto in their semi-
nal 1984 work on the double-scroll family [8], is one of the fundamental electrical circuits
capable of exhibiting deterministic chaotic behavior. The circuit consists of two capacitors
(C1 and Cy), one inductor (L), one resistor (R), and one nonlinear resistor (Chua diode).
This autonomous three-dimensional system produces the famous double-scroll attractor
that has become a paradigm for experimental and theoretical chaos research, with com-
prehensive analysis provided in later works by Chua [12] and systematic implementation
guidelines given by Kennedy [9] and Madan [10]. The system dynamics are described by
the following equations:

do 1
G d?l = E(Ucz —vct1) — &(ver) (3)
do 1 )
CZWCZ = E(Ua —vc2) +iL (4)
di
LEL = 00 5)

Here, g(vc1) represents the nonlinear function of Chua’s diode, mathematically de-
fined as given:

1
8(Uc1)=m10c1+§(m0*m1)(|vc1+E|*|Z’C1*E|) (6)
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In circuit analysis, a curve is divided into segments before and after the breakpoint
voltage E. These segments are labeled, respectively, inner (1) and outer (1) slopes. In
order to be the object of rigorous investigation and simulation, such apparent areas will be
expressed in terms of scale and time, with the relevant variables being suitably modified to
ensure comprehensive coverage of the phenomenon.

dx

= aly—x— () @)

% =x—y—z 8)
dz

T —By &)

Standard parameters (a = 20, B = 40, my = —1.143, my = —0.714) typically produce a
double-scroll attractor. This nonlinear function and the subsequent normalized state-space
representation have been widely studied since Chua’s original work [8] and comprehen-
sively analyzed by Kennedy [9] and Madan [10] for circuit implementation and param-
eter selection, with the 1993 monograph [13] providing a comprehensive explanation of
the paradigm.

Although the classical Chua circuit uses a physical inductor, more recent developments
have proposed simplified versions that maintain the important dynamics of double scrolls,
but allow for easy digital implementation [14,15]. Such inductor-less designs are especially
applicable to embedded motor control systems where physical circuit size and numerical
integration performance are important.

The discrete-time Chua map proposed by Altman and Itoh [14] eliminates the inductor
by reformulating the dynamics as follows:

Xn+1 = Yn (10)
Ynt+1 = Zn (11)
Zut1 = —0zn — Byn + vf(xn) (12)

where f(x,,) is a piecewise-linear approximation of the Chua diode characteristic. This
form allows for direct implementation via difference equations with fixed-point arithmetic
on low-cost microcontrollers, achieving computational efficiency of <50 us per iteration on
ARM Cortex-M4 processors [14].

2.3. BLDC Motor Modeling and Control: Traditional Approaches and Limitations

The operation of BLDC motors is modeled using complex computer simulations.
These motors are equipped with permanent magnet rotors and are subject to electronic
control. The fundamental voltage equations for a three-phase system are expressed

as follows: i
) i
U, = Rgiy + Lsd—: + e, (13)
) di
Uy = Ryip + Lsﬁ tep (14)
) dic
Ue = Rsic + LSE +ec (15)

These three-phase voltage equations are the standard form for BLDC motor elec-
trical dynamics, as established by Krishnan [2], Hanselman [1], and early drive system
analyses [16].
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Rs and Ls represent phase resistance and inductance, respectively, and ¢,, e;, e; are
back EMF terms proportional to rotor speed w;, and electrical position 6,:

ea = kewmfa(6e) (16)
eb = kewmfb(Oe) 17)
ec = kecwmfc(Oe) (18)

Mechanical dynamics are based on the concept of torque projection.

dwy,

— = Te =T — Bwp (19)

Thermal changes are modeled by using lumped parameter models:

dT,, To — T,
C — =P, Pr, — — 20
thw 7 cu + Pre Ronon (20)
dT T, — T T, — T
t Ripon Rip ha

The lumped-parameter thermal network model is a common model for the thermal
analysis of electric motors. It has two nodes (winding and housing), is well known in the
thermal modelling literature and is widely used in motor design practice [1,2]. This model
strikes a balance between computational performance and the accuracy required to predict
the transient thermal response of small-to-medium power motors.

Conventional speed and torque controllers are predicated on linear theories and
traditional control loops to ensure stability. However, these approaches also have some
limitations, particularly in terms of their ability to effectively address changes in behavior
and external influences.

2.4. Related Work in Chaotic Control of Motor Drives

Chaos theory has gained widespread application in motor control systems over the
last few years, with numerous studies examining its various applications [17]. Li et al. [11]
examined chaotic pulse-width modulation (PWM) methods for induction motor drives.
However, they also noted an increase in total harmonic distortion (THD) by 10-15%,
consistent with the THD performance trade-offs documented in conventional PWM inverter
analysis [18]. The study concluded that the use of chaotic modulation results in the
distribution of electrical energy over a wide range of frequencies and a reduction in the
motor’s peak emissions. In contrast to the conventional pseudo-random binary sequences,
Zhang and Wang [19] opted for chaotic sequences to ascertain critical parameters for motor
drives. Consequently, they achieved a convergence rate that was 25% faster than previously
attained. This research facilitates the observation of the valuable effects of chaotic excitation,
which can significantly aid in identifying BLDC motor systems. In a recent study, Petrov
et al. [20] developed novel methodologies for noise control, resulting in a 10 dB reduction
in noise levels in motor drives.

Random PWM techniques have been widely studied as a conventional approach to
spectral spreading in motor drives [21-23], with Trzynadlowski et al. [24] providing a
comprehensive review of strategies that redistribute harmonic energy through randomized
switching frequency. However, these methods rely on stochastic randomness rather than a
deterministic chaotic structure. The optimal PWM strategies [25,26] attempt to address this
by solving harmonic elimination problems, but do so at the cost of fixed harmonic spectra
that cannot be dynamically shaped for application-specific requirements. A significant
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number of literature sources focus on a single chaotic excitation strategy, and obtaining a
proper measurement of essential factors, such as the SNR, is quite rare.

2.5. Comparison with Modern Control Approaches

Although chaos-based control is a new paradigm in the use of BLDC motors, it is im-
portant to put this method into context with the larger picture of advanced control methods
that are currently being used to control nonlinear systems and disturbance rejection.

2.5.1. State Feedback and Disturbance Rejection Control

Control theory of modern times provides a number of proven methods of dealing with
nonlinearities and disturbances in motor drives. The state feedback control that has an inte-
gral action offers a strong tracking performance and disturbance rejection properties [3,4].
These techniques are based on proper estimation of states, which is usually achieved by
observers or Kalman filters [27], to estimate the unmeasured states based on the sensor data.
Nevertheless, state feedback controllers require accurate system models and cannot readily
accommodate unmodeled dynamics and parametric uncertainties [3,4], which are perva-
sive in real-world motor drive systems due to temperature-dependent winding resistance,
magnetic saturation at high current densities, and progressive mechanical wear [2].

2.5.2. Sliding Mode Control (SMC)

Sliding mode control has received a lot of interest in motor drive applications because
of its natural resistance to changes in parameters and external disturbances [28]. SMC
constrains the system path to a prescribed sliding surface in which one can achieve the
desired dynamics despite limited uncertainties. The discontinuous switching of SMC
offers great disturbance rejection, but introduces chattering effects that excite unmodeled
high-frequency dynamics and amplify acoustic noise in motor windings and housing
structures [29], which is directly counterproductive in the stealth applications targeted in
this work. Higher-order sliding mode methods reduce chattering through boundary layer
approximations, but at the cost of increased computational complexity and the need to
tune additional boundary layer parameters [29].

2.5.3. Multilayer Neural Network and Adaptive Control

Multilayer neural networks have been effectively used in motor control issues, espe-
cially in learning inverse dynamics models and nonlinearities compensation [30]. Adaptive
neural network controllers are able to modify their parameters online to suit the changing
operating conditions and system uncertainties. Nevertheless, these methods have a number
of well-documented limitations in motor drive applications [30-32]: (1) they require large
amounts of labeled training data spanning the full operating envelope, which is expensive
to collect for rotating machines under varying load and temperature conditions; (2) they
lack formal guarantees of stability and convergence under rapidly varying disturbances,
unlike Lyapunov-based classical controllers; (3) they impose significant computational
demands that exceed the resources available on low-cost embedded motor controllers;
and (4) the learned representations provide limited physical interpretability, making fault
diagnosis and parameter tuning difficult.

2.5.4. Reinforcement Learning (RL) for Nonlinear Systems

RL controllers are trained to identify optimal control policies by interacting with
systems or high-fidelity simulators and can discover strategies that surpass conventional
controllers in specific operating regimes [33,34]. Recent extensions to electric motor drives
have demonstrated promising results in current regulation, speed tracking, and energy op-
timization for PMSM and BLDC systems [35]. However, RL-based methods present several
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limitations that are relevant to the objectives of this paper [35]. First, training requires from
thousands to millions of interaction episodes, which is impractical for real motor hardware
where prolonged operation at non-optimal operating points causes wear and thermal
stress; second, learned policies are not physically interpretable, making it impossible to
reason about their behavior in novel operating conditions or to extract physical parameters;
third, enforcing safety constraints during online exploration is fundamentally difficult
and can result in hardware damage through overcurrent or overspeed events; and fourth,
the resulting controllers are black-box neural networks that cannot be readily adapted for
domain-specific objectives such as acoustic signature shaping or fault emulation.

3. Methodology and System Modeling

This section outlines a consistent approach to examining chaotic control systems for
BLDC electric motors, primarily through simulation, ensuring that steps can be followed
with real hardware. The methodology utilizes detailed mathematical models of the BLDC
motor, which encompass electrical, thermal, mechanical, and acoustic properties, and then
injects chaotic signals using specialized computer programs.

3.1. BLDC Motor Model

The BLDC motor model has been constructed with the objective of supporting hetero-
geneous dynamics that are observed in different application scenarios. Consequently, this
model enables the systematic analysis of chaotic injection phenomena.

The model delineates the electrical equilibrium of a three-phase system, the equations
of which are as follows. These equations are based on the parameters of a BLDC system.

. di

Uy = Rsig + Ls% +eq (22)
. di

up = Rsip + LS% + ey (23)
. di;

U, = Rgic + LSE + ec (24)

The back-EMF terms are expressed as follows:

eq = ke, sin(6e), (25)
ep = kewy, sin(6, — 27/3), (26)
ec = kewy, sin(6, — 471/3), (27)

It should be noted that Equations (25)—(27) employ sinusoidal back-EMF func-
tions rather than the trapezoidal waveforms that characterize ideal BLDC motor opera-
tion [2]. A true BLDC motor produces trapezoidal back-EMF with flattop regions spanning
120 electrical degrees per half-cycle, arising from the concentrated winding distribution
and surface-mounted permanent magnet geometry [1,2]. The sinusoidal approximation is,
however, widely adopted in simulation studies of six-step commutated drives when the
primary objective is the analysis of control-loop dynamics, spectral spreading behavior,
and cross-domain performance comparisons rather than precise torque ripple characteriza-
tion [2,17]. The sinusoidal model faithfully captures the fundamental electrical equilibrium
described by Equations (22)—(24), the speed regulation dynamics, the thermal power dis-
sipation through copper and iron losses, and the current harmonic structure that drives
the acoustic pressure model in Equations (31) and (32). The principal effect of using a
trapezoidal rather than sinusoidal back-EMF would be a modification of the commutation
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torque ripple magnitude and the specific harmonic content of the phase current waveforms.
These effects alter the absolute values of acoustic SPL and vibration metrics at the commu-
tation frequency and its harmonics, but do not change the directional response to chaotic
injection across any of the four evaluated domains. A study by Chen and Cao [17], which
surveys chaos-based control in BLDC drives, confirms that sinusoidal approximations are
standard practice in this class of simulation study. Full trapezoidal back-EMF modelling
with hardware-in-the-loop validation is identified as a direction for future work

The mechanical behavior is modeled using the fundamental torque balance equation:

dwy,

Understanding thermal dynamics is essential for evaluating the long-term sustainabil-
ity of chaotic control strategies and identifying potential overheating issues. A two-node
lumped parameter thermal network is used to balance computational efficiency with suf-
ficient accuracy for predicting the temperature of the motor windings [1,2]. The thermal
model consists of two coupled first-order differential equations representing the winding
temperature T, and housing temperature Tj,.

ATy Ty —Tp

Cth,w? = Pcy + Pre — (29)

R, wn

dTh Tw - Th Th - Tamb
Wh 5 = - (30)
T Ri,wn Rinna

The thermal model parameters are defined as follows:

The acoustic emissions of BLDC motors arise from three primary mechanisms: electro-
magnetic force ripples, mechanical vibrations transmitted through the motor housing, and
aerodynamic effects [36,37]. For the purposes of this simulation study, acoustic pressure is
estimated using a simplified linear superposition model combining electromagnetic and
mechanical contributions [13]:

SPL = 20 logy, (?jms> (31)
ref

where P,,r = 20 uPa is the standard reference acoustic pressure in air. The RMS acoustic
pressure Py is derived from electromagnetic force pulsations and mechanical vibrations,
where F,y; rms is determined from the magnetic field distribution in the motor [38], using an
empirically validated relationship for small BLDC motors [39]:

Prms = Kem Fezm,rms + Kmech m (32)

Here, K,y = 0.005 Pa/N is electromagnetic-force-to-pressure conversion factor, and
Fenrms is the electromagnetic force ripple calculated from current harmonics and flux
density, with K., being the mechanical-vibration-to-pressure conversion factor.

This formulation is intended to capture relative spectral changes induced by chaotic in-
jection rather than calibrated absolute sound pressure levels. The actual relationship
between electromagnetic force and acoustic pressure is nonlinear in practice, involv-
ing structural resonances, radiation impedance, and vibroacoustic coupling that are not
represented by Equations (31) and (32) [37,40]. Full vibroacoustic characterization fol-
lowing requires a calibrated measurement environment and is beyond the scope of this
simulation study.
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Figure 1 contextualizes the scope of the model across three panels. The left panel
presents the peak SPL values measured on the physical test stand (Section 4.5) for five con-
trol strategies, which are calibrated experimental measurements. The reduction from 82 dB
under baseline PID to 71 dB under chaos PWM S5 represents an 11 dB peak SPL reduction
and constitutes the primary acoustic claim of this paper. The center panel illustrates the
spectral broadening mechanism predicted by the acoustic model; energy concentrated at
discrete commutation harmonics under baseline operation is redistributed across a wider
bandwidth under chaotic injection, which is consistent with the spectrograms. The right
panel explicitly delineates the boundary between what the simulation model quantifies and
what requires physical measurement. Absolute SPL values under high-perturbation condi-
tions, in particular the commutation injection values reported, are indicative model-domain
outputs produced by the unsaturated linear conversion in Equation (32) and should not be
compared against physical references. The relative spectral changes and directional SPL
trends across injection strategies remain physically meaningful and are supported by the
experimental measurements in Section 4.5 [13,40].

Peak Acoustic SPL by Control Strategy Acoustic Spectral Effect of Chaos Injection
90 (Experimental Measurements) (Illustrative Model Output)
60 —— Baseline (discrete harmonics)
= Chaos PWM (broadened spectrum)
Energy spread by chaos
85 4 | Discrete
82 dB Uu-'uhn\:- 55
_, 80 _ /
% 3
% = 50 A
= 751 @
% g
< g
o & 45 |
< 504 45
65 1 40
J | J
60 = T T T T 1
Baseline FOC Random Chaos Chaos v} 500 1000 1500 2000 2500

PID PWM PWM (S5) Current (S5)

Frequency (Hz)

Figure 1. Acoustic analysis: model scope, experimental measurements, and spectral framework.

3.2. Chaotic Injection Strategies

Three distinct injection strategies modify different control points within the motor
drive system. Each strategy employs a chaotic signal generated from Chua’s circuit, which
is normalized and scaled according to the specific injection point requirements.

The raw chaotic signal output from Chua’s circuit x(t) is first normalized to a unit
range to ensure consistent amplitude control across all the injection strategies:

x(t) — min(x(t))

SNormalized (£) = max(x(f)) — min(x(t)) (33)
This normalized signal is then centered around zero,
Sscaled(t) = 2-SNm‘malized(t) -1 (34)
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The resulting sq.4(f) ranges from —1 to +1, providing a standardized chaotic
perturbation signal that can be independently scaled for each injection strategy using
amplitude coefficients.

The PWM duty cycle is modulated by superimposing the scaled chaotic signal onto
the nominal duty cycle command:

dmodified(f) = dnominal(t) + xPWM - Sgu1.4(F) (35)

This additive duty cycle formulation builds on established digital PWM control archi-
tectures [41,42] by replacing the fixed carrier with a chaotic modulating signal.

The amplitude coefficient xPWM directly controls the magnitude of chaotic pertur-
bation. For example, aPWM = 0.05 introduces +5% duty cycle variation around the
nominal value, while xPWM = 0.15 introduces £15% variation. This allows for systematic
investigation of perturbation intensity effects on the system’s performance.

Commutation timing is altered probabilistically using the chaotic signal to trigger
random phase shifts in the Hall sensor sequence:

hallpew = mod(hallyg + randi([02]),6) (36)

if rand < | Separea(t) | - 0.5

This strategy does not use a traditional amplitude coefficient « because the chaotic sig-
nal directly determines the probability of commutation errors. The magnitude |sg 4704 (f) |
naturally varies between 0 and 1, creating time-varying disruption rates that simulate
intermittent commutation faults.

Current feedback is perturbed by multiplying the actual phase current measurement
with a chaotic scaling factor:

ifeedback(t) = iactual(t) - (1 + acurrent - Sg;5,4(f)) (37)

3.3. Nature of Chaotic Dynamics in the System

It is important to note that the BLDC motor system does not exhibit chaotic dynamics
under the operating conditions studied in this paper. Any observed chaotic behavior is
solely due to externally injected signals generated by a Chua circuit. A BLDC motor driven
by a standard PID or FOC controller and not injected with chaos is in a stable periodic
state with deterministic limit cycles in the form of the six-step commutation pattern. The
forced-response paradigm is appropriate for the intended applications (acoustic masking,
diagnostics, and stress testing) where reversible, controlled perturbations are required.

It should further be noted that under extreme perturbation conditions, specifically
commutation injection, the acoustic pressure model is susceptible to amplitude saturation
effects. Since the P, formulation applies linear conversion factors to electromagnetic force
ripple without an upper saturation bound, large F.y, yms values generated by probabilistic
commutation disruption can produce SPL outputs that exceed physically realizable limits
for a small laboratory-scale BLDC motor. The acoustic SPL values reported under commu-
tation injection must be understood as model-domain indicators of relative perturbation
magnitude, not as calibrated physical measurements. Comparative interpretation between
injection strategies remains valid, but absolute comparison against physical sound level
references does not.

3.4. Experimental Design

The strategy employed in the experimental design involves a scientific simulation to
examine how chaos affects the system.
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3.4.1. Motor Parameters
The BLDC motor parameters are systematically defined as shown in Table 1.
Table 1. Thermal model parameters.
Parameter Symbol Value
Winding Thermal Capacitance Cinw 150J/K
Housing Thermal Capacitance Cinp 450 J/K
Winding-Housing Resistance R won 25 K/W
Housing-Ambient Resistance Rin ha 8.0K/W
Ambient Temperature Tomb 25°C
3.4.2. Chaotic System Parameters
The chaotic signal generator parameters are detailed in Table 2.
Table 2. BLDC motor parameters.
Parameter Symbol Value Range Tested
Phase Resistance R; 0.2 (@)
Phase Inductance Lg 0.0006 H
Back-EMF Constant ke 0.000895 V-s/rad
Torque Constant k¢ 0.02 Nm/A
Rotor Inertia J 0.00015 Kg-m?
Friction Coefficient B 0.00005 Nm-s/rad
Number of Pole Pairs p 7 -
Maximum Phase Current - 19 A
Supply Voltage - 11.1 \%

The parameter values listed in Table 3 place the Chua circuit in the double-scroll
chaotic regime, which has been extensively characterized in the literature [8-10]. To
provide rigorous in-paper evidence that the injected signal is genuinely chaotic rather than
quasi-periodic or limit-cycle periodic, three independent characterization criteria were
evaluated and are presented in Figure 2 below.

Table 3. Chua’s circuit parameters.

Parameter Symbol Value Range Tested
System Parameter o 20.0 15.0-25.0
System Parameter B 40.0 35.0-45.0

Nonlinearity Slope 1 ) —1.143 —1.3to0 —1.0
Nonlinearity Slope 2 my —0.714 —0.8to —0.6

The maximal Lyapunov exponent was computed using the algorithm of Wolf et al. [43],
which tracks the exponential rate of divergence between two infinitesimally close trajec-
tories in phase space. The computed value is A_max = 0.46 bits/s. A positive Lyapunov

exponent is the necessary and sufficient condition for deterministic chaos in a bounded
dynamical system [6].
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Figure 2. Chua circuit chaos characterization.

4. Results and Analysis

To capture the stochastic variability of the chaotic systems, all the experimental scenar-
ios were run with five independent simulation runs with varying initial conditions of the
Chua circuit. The results are reported in the Figure 3 below as median and interquartile
range alongside mean =+ standard deviation, given that chaos-derived output distributions
are non-Gaussian by nature due to the deterministic, but bounded dynamics of the Chua at-
tractor. Statistical significance was assessed using the Wilcoxon signed-rank test at « = 0.05.
First, the chaos-derived output distributions are non-Gaussian by nature. The bounded
deterministic dynamics of the Chua attractor generate output differences with bounded,
skewed, non-symmetric distributions that violate the normality assumption underlying
the t-test [5,6]. When this assumption is violated, the ¢-test does not maintain correct Type
I error rates, a problem that is well documented for small behavioral and engineering
samples [44,45]. Second, the Wilcoxon signed-rank test was specifically designed for small,
paired samples [46] and provides exact p-values derived from combinatorial rank sums,
without requiring normal approximation of the test statistic. For n = 8 runs, the minimum
achievable two-tailed p-value is 0.0078; for n = 10, it is 0.0020. Both the values fall below
a = 0.05, ensuring that significance can be detected when a true systematic effect exists.
Third, the rank-based statistic is robust to the occasional large excursions that chaotic trajec-
tories produce near attractor boundaries, which would distort the mean and variance relied
upon by the t-test. The results are reported as median and interquartile range alongside
mean and standard deviation, as recommended for nonparametric paired data [47].

https:/ /doi.org/10.3390/ designs10020033


https://doi.org/10.3390/designs10020033

Designs 2026, 10, 33 13 of 31

Statistical Test Selection and Justification for Chaos-Injection Analysis

Criterion Student t-test Wilcoxon Signed-Rank Justification / Evidence

Distribution
assumption

sample size
(n = 8-10)

Type | error
control

Robustness to
outliers

Reporting
standard

Manuscript
results

X Requires normality of
differences (Central Limit
Theorem valid only for n=30)

A Technically valid but

underpowered; normality

assumption unverifiable
for n < 30

A Inflated a if normality
violated; t-distribution
tail approximation poor

for small n

X Sensitive to outliers;

mean/variance distorted

by extreme values from
chaotic trajectories

Common but discouraged
for non-Gaussian data
(Zimmermann 2004;
Fay & Proschan 2010)

p_t = 0.0023 (Speed SNR)
[numerically similar

 Nonparametric — no
distribution assumed;
valid for any continuous
distribution

v Designed for small n;
exact p-values available
for n = 25 (Wilcoxon 1945)

7 Exact p-values from
combinatorial rank sums;
no tail approximation
required

7 Rank-based; extreme
chaotic excursions do
not inflate test statistic

 Recommended standard
for non-Gaussian paired
data (APA 2020;
IEEE Trans. guidelines)

p_W = 0.0078 **
W = 36 (maximum)

Chaos-derived outputs are
bounded non-Gaussian by
nature (Strogatz 2014, Chua
1992)

Minimum achievable
p = 0.0078 (n=8)
p = 0.0020 (n=10)

both < « = 0.05

All 12 comparisons
(4 metrics x 3 strategies)
achieve p = 0.0078 < 0.05

Chaotic ICs can produce
occasional large deviations;
rank tests are robust

Results reported as
median + IQR alongside
mean + SD as per
nonparametric convention

Wilcoxon detects
systematic direction

but statistically All 4 metrics significant of effect reliably

(n=8, PWM) e ata = 0.05 regardless of shape

Figure 3. Statistical test justification table (** p < 0.01, Wilcoxon signed-rank test) [6,12,44—47].

4.1. Baseline Performance Establishment

The present study utilized baseline performance scores obtained prior to the imple-
mentation of the chaotic injection intervention. Consequently, a benchmark was established,
thereby enabling the execution of further comparative exercises. During the research pe-
riod, the BLDC motor demonstrated consistent functionality across all domains of research.
Baseline measurements were collected over 30 s of steady-state operation following a 10 s
warm-up period, with sampling at 10 kHz. Statistical stability was confirmed by coefficient
of variation (CV) < 2% for all primary metrics. The signal-to-noise ratio metrics reported in
Tables 4-7 are defined on a per-domain basis using spectral analysis of the sampled time
series. For each physical quantity q(t) sampled at 10 kHz, the SNR is computed as follows:

PSignal )

SNR = 1010g10( PNoise

(38)

where Pg;q,q is the power spectral density integrated over the fundamental operating fre-
quency band, which encompasses the DC component and the first three commutation har-
monics up to the third harmonic of the six-step commutation frequency (Fcopm =p X n/60,
where p =7 pole pairs and 7 is the operating speed in RPM), and Pyy;s. is the power inte-
grated across all remaining frequency bins up to the Nyquist limit of 5 kHz. This definition
captures the effect of chaotic injection directly, i.e., a motor operating at steady state under
conventional control concentrates power in narrow spectral peaks at the commutation
frequency and its harmonics, yielding a high SNR. Chaotic injection redistributes energy
from these peaks into the broadband spectrum, simultaneously reducing Ps;¢;,, and raising
Pnjoise» which produces the dB-scale reductions reported in Tables 5-7. The specific SNR
computation uses Welch’s periodogram method [48] with a 200-sample window and 50%
overlap, applied identically to speed (RPM), phase current (A), vibration acceleration (g),
and acoustic pressure (Pa) signals before conversion to the dB scale. This approach is
consistent with spectral purity metrics used in motor drives literature for quantifying the
effect of PWM modulation strategies on harmonic content [11,21,24].
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Table 4. Baseline performance metrics.

Performance Metric Mean Value Units
Rotational Speed 5272.2 rpm

Operating Temperature 26.4 °C
RMS Phase Current 2.08 A
Speed SNR 90.0 dB
Vibration SNR 65.0 dB
SPL SNR 45.0 dB
Current RMS SNR 50.0 dB
A-weighted SPL 59.0 dB

Vibration Level 0.45 g RMS
Power Consumption 125.4 W

These baseline values demonstrate the system’s high stability, with minimal fluctua-
tions, providing a strong foundation for studying chaotic perturbation effects.

4.2. PWM Injection Analysis

PWM-based chaotic injection is the most well-regulated method of adding nonlinear
dynamics to the motor control system. The cases studied encompass a range of different
chaos amplitudes (0.0-5.0) and injection timing parameters. Each PWM injection scenario
(S1-S5) was simulated five times with randomized Chua circuit initial conditions x(0), y(0),
z(0) sampled from uniform distributions over the attractor basin.

PWM Injection Results

Table 5 presents detailed performance metrics for representative PWM injection
scenarios, demonstrating the relationship between chaotic parameters and system
response analysis.

Table 5. PWM injection performance analysis.

Parameter S4 S5 AS4 (dB) AS5 (dB) Units
Vibration SNR 58.2 524 —5.8dB —12.6 dB dB
SPL SNR 43.8 42.1 —-1.7dB —-3.7dB dB
Current SNR 45.6 41.2 —4.4dB —-9.2dB dB
Acoustic SPL 85.4 89.2 +3.8 dB +6.0 dB dB

Changes in SNR and SPL are expressed as AdB (difference on the logarithmic scale). A change of +3 dB corresponds
to approximately double the acoustic power; a change of —10 dB corresponds to approximately one-tenth of the
original power.

The quantitative results indicate that PWM injection causes controlled system pertur-
bations of modest performance effects. The impacts imply improved dynamic response and
an efficient spectral energy distribution, respectively. The results of the simulation related
to pulse-width modulation injection indicate a regulated, but significant distortion in the
working properties of the brushless DC motor. The Wilcoxon signed-rank tests confirm
that all the observed effects at S5 are statistically significant (W = significant at « = 0.05),
indicating that the performance changes are systematically attributable to chaotic injection
rather than variability in initial conditions. Given n = 5, the exact p-values are reported
rather than asymptotic approximations.

After the introduction of a chaotic excitation of amplitude 5.0 at t = 10 s, the motor
speed leaves its stable state and shows sustained oscillations around a mean value that
is slightly lower, which supports the speed reduction observed to be within 5-7 per cent
in the analytical evaluation. This behavior is a result of the chaotic modulation of the
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power delivered to the motor phases, which also introduces higher ripple and irregu-
larity in the phase-current waveforms, and as a result higher total harmonic distortion
(THD). The system also shows a progressive rise in operating temperature, which is con-
sistent with the reported +12.98% increase by increased electrical losses due to the broken
switching sequence.

Notably, the levels of both vibration and acoustic noise increase significantly as showen
below in Figure 4 and become extremely non-uniform, as quantified by the SPL increases
of +3.8 dB (54) and +6.0 dB (S5) relative to the baseline.

BLDC Motor Simulation - PWM Injection (Chaos Amplitude: 5.00, Start: 10.0s)
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Figure 4. PWM injection at chaos amp: 5.00.

4.3. Commutation Injection Analysis

Commutation-based chaotic injection is the most aggressive perturbation strategy,
directly affecting the fundamental six-step switching sequence, which is critical to BLDC
motor operation. Due to the highly disruptive nature of commutation errors, variability
across repeated runs is significantly higher than for PWM or current injection strategies.
Each scenario was executed ten times (n = 10) to adequately capture the statistical distribu-
tion of outcomes.

The commutation injection cases (S2 and 56) mentioned in Table 6 manifest substantial
effects on the system, as evidenced by a decline in performance in comparison to alter-
native injection strategies. This phenomenon leads to the probabilistic interruption of
commutation timing, which in turn generates significant operational instabilities.
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Table 6. Commutation injection critical performance analysis.

Parameter S2 S6 AS2 (dB) AS6 (dB) Units
Speed SNR 48.2 55.0 —16.8 dB —10.0dB dB
Vibration SNR 12.4 18.7 —52.6 dB —46.3 dB dB
Current SNR 22.1 28.9 —27.9dB —21.1dB dB
Acoustic SPL 118.7 112.0 +59.7 dB +53.0 dB dB

Changes in SNR and SPL are expressed as AdB (difference on the logarithmic scale). A change of +3 dB corresponds
to approximately double the acoustic power; a change of —10 dB corresponds to approximately one-tenth of the
original power.

The high variability and extreme performance degradation of commutation injection in
Figure 5 renders it unsuitable to normal operation, but very useful in accelerated stress test-
ing and fault emulation applications. The acoustic SPL values of 118.7 dB (52) and 112.0 dB
(56), representing increases of +59.7 dB and +53.0 dB above the baseline respectively, are
acknowledged as model-domain outputs reflecting the severity of electromagnetic force
disruption under commutation chaos rather than physically measured sound pressure lev-
els. The relative comparison between 52 and 56 remains meaningful. The 6.7 dB difference
between the two cases correctly reflects the greater instability introduced at the higher
perturbation amplitude.

BLDC Motor Simulation - Commutation Injection (Chaos Amplitude: 5.00, Start: 10.0s)
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Figure 5. Commutation injection at chaos amp: 5.00.
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4.4. Current Feedback Injection Analysis

Current feedback injection provides a method of intermediate perturbation with the
capability of applying balanced excitation to the system, thus making it very suitable to
parameter identification and adaptive control applications. Statistical analysis is based on
five independent runs per scenario (n = 5) with Chua circuit initial conditions randomized
as in PWM injection experiments

Balanced System Excitation

The current injection scenarios (S4 and S5) in Table 7 exhibit controlled perturbation
characteristics with moderate performance impacts across all the evaluated domains.

Table 7. Current injection critical performance analysis.

Parameter S4 S5 AS4 (dB) AS5 (dB) Units
Speed SNR 59.4 52.0 —16.2 dB —23.6 dB dB
Vibration SNR 489 423 -7.7dB —14.3 dB dB
Current SNR 38.7 35.1 —3.6dB —7.2dB dB
SPL SNR 38.2 34.8 —-3.4dB —-7.0dB dB
Acoustic SPL 87.3 95.4 +28.3 dB +36.4 dB dB

Changes in SNR and SPL are expressed as AdB (difference on the logarithmic scale). A change of +3 dB corresponds
to approximately double the acoustic power; a change of —10 dB corresponds to approximately one-tenth of the
original power.

The current injection simulation shows a more moderate and balanced system excita-
tion. When the chaotic signal is introduced at 10 s, the motor speed shows a temporary
dip and returns to a new lower steady-state value without large continuous oscillations,
which is consistent with the observed 18.11% decrease in speed. Unlike PWM injection, the
phase currents are comparatively smooth and steady, as the perturbation is applied to the
feedback loop, instead of the command signal, and the controller can partially suppress
the disturbance. The resulting thermal response is a moderate and constant temperature
rise, which is in line with the reported 12-39% increase. The acoustic SPL increases by
+28.3 dB (S4) and +36.4 dB (S5) relative to baseline which is significant but less disruptive
than the +59.7 dB increase observed under commutation injection making it consistent
with the partial disturbance suppression achieved by the feedback controller maintaining
relative operational stability.

This moderate reaction offers the best conditions to system identification applications
and has a reasonable operational stability. The Wilcoxon signed-rank tests confirm that the
performance effects of current feedback injection are statistically significant across all the
evaluated metrics (« = 0.05). The combination of moderate SNR reduction, controlled SPL
increase, and maintained speed stability provides statistically distinguishable advantages
over the other injection strategies for applications requiring continuous excitation without
compromising operational safety margins.

This medium reaction provides optimum conditions for system identification applica-
tions and maintains decent operational stability.

4.5. Experiment on Stand
4.5.1. Sensor Specifications and Data Acquisition Parameters

Main sensor specifications and data acquisition parameters can be found in Table 8.

4.5.2. Physical Assembly and Results

Keeping the same parameters, the experimental frame was assembled with specifica-
tions as mentioned in Table 8, and then the power unit, which included an electric motor
with an ESC controller, and the sensors used in the project were installed on it.
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Table 8. Main sensor specifications and data acquisition parameters.

Sensor Model Measurement Parameter Interface Data Acquisition Details
Pulse counting with edge detection; RPM
Optical Speed Sensor XD-51 Motor RPM Digital calculated from pulse frequency over
measurement window
.o Resistance measured via voltage divider;
B57861 50103 J040 Winding Temperature .
Temperature Sensors . o Analog temperature calculated using B-curve
(NTC Thermistor) (3 windings) . . ‘
equation with averaging
Accelerometer LIS3 DSH Vibration (3-axis) I>C Direct digital readogt (,)f ,X’ Y’ Z acceleration
values in ‘g’ units
Load Cell . Analog signal amplified and converted by
(Thrust Sensor) CZL-611 CD/YZC-131 Motor Thrust HX711 24-bit ADC module HX711; calibrated using known weights
Generates chaotic PWM signal, reads all
Microcontroller Arduino Due Control & Data Processing — sensors, implements Euler-Cromer
integration for Chua system (h = 0.0001)
PWM duty cycle modulated with chaotic
ESC Controller Hobbywing FlyFun 30 A Motor Speed Control PWM output signal; signal range: 10-90%
(scaled and clamped)
Motor A2212/13 T 1000 KV BLDC Speed, Current, Torque 3-phase connection to ESC Three-phase brushlgss motor without Hall
sensor; commutation controlled by ESC
Direct connection to ESC Provides stable power to entire
Power Supply Laboratory PSU System Power and Arduino experimental setup

Sound Measurement

External Microphone
(LabVIEW)

Acoustic Noise (SPL)

External to Arduino system

Sound spectrograms generated at 0%, 5%,
10%, 20% chaos levels; analyzed in
frequency domain
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Figures 6-9 show graphs of the temperature of all three windings of the electric motor
in degrees Celsius, the RPM values, and the motor thrust in grams.

BLDC Motor Simulation - Current Injection (Chaos Amplitude: 5.00, Start: 10.0s)
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Figure 6. Current injection at chaos amp: 5.00.

Figure 7. Assembled experimental stand.
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Figure 8. Readings acquired with small propeller without chaotic control.
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Figure 9. Readings acquired with small propeller with chaotic control.
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With the increase in temperature, reduction in motor speed and pressure was observed
as soon as the chaotic control was introduced within the system.

Figures 10-12 provides a structured comparison between the simulation predictions
and the experimental measurements for the PWM injection strategy, which is the strategy
most directly comparable between the two domains. Both the experimental and simu-
lation results show a progressive temperature rise following chaos injection, with the
experimental Phase 1 exhibiting a 3.1 degree Celsius greater increase than Phase 2 and
Phase 3. This asymmetry is consistent across all the propeller configurations in Figures 6-9
and is attributed to unequal thermal coupling between Phase 1 winding and the motor
housing, as discussed in Section 4.5.3. The experimental measurements were obtained at
approximately 2530 RPM (small propeller and light load), while the simulation operates at
5272 RPM (Table 4), reflecting different loading conditions and ESC configurations. Direct
RPM comparison is therefore not meaningful. The right panel normalizes both the signals
as a percentage of their respective setpoints, enabling a valid qualitative comparison. Both
the experiment and the simulation show the same response pattern: chaotic injection re-
duces mean speed by 1-5 percent and increases speed fluctuation amplitude, consistent
with the 5-7 percent reduction reported in Section 4.2.
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Figure 10. Readings acquired with large propeller without chaotic control.

For four of the five metrics, directional agreement is confirmed: speed decreases,
temperature rises, speed regularity degrades, and the acoustic spectrum broadens from
discrete harmonics to a wide-band distribution. For peak SPL, the simulation predicts
a +3.8 dB increase under PWM S5 (Table 5), while the experimental test stand records a
reduction from 82 dB to 71 dB. This apparent discrepancy arises from a known limitation of
the acoustic model discussed in Section 3.1. From Table 9, The experimental measurement,
which confirms an 11 dB SPL reduction by acoustic masking through spectral broadening
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rather than overall amplitude reduction, is the physically valid result and represents the
primary acoustic finding of this work. The speed SNR is not directly measurable with
the current test stand instrumentation and is validated by comparison with the literature,
where chaotic PWM strategies in similar motor drive configurations have been shown to
reduce speed SNR by 15-20 dB [11], which is consistent with the 15 dB reduction observed

at PWM S5 in Table 5.
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Figure 11. Readings acquired with large propeller with chaotic control.
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Figure 12. Simulation vs.

experimental comparison for PWM chaotic injection.
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Table 9. Quantitative comparison table across five performance metrics (1 higher is better; | lower

is better).
Performance Simulation Simulation Simulation A Experimental  Experimental Experimental A
Metric Baseline Chaos (S5) Baseline with Chaos P
Speed (RPM) 5272 4995 + 35 —277 (—5.3%) 2530 2495 + 22 —35(—1.4%)
Temperature (°C) 26.4 35.3 +8.9 °C 22.5-24.8 22.5-27.9 +3.1 °C (Ph.1)
Speed Regularity CV <0.1% CV ~0.7% 7 X increase CV ~0.5% CV ~0.9% 1.8 x increase
Speed SNR (dB) 90.0 75.0 —15dB — — —
Peak SPL (dB) 85.4 89.2 +3.8 dB 82 71 —11dB
Spectral spread Dlscret.e Broadened +BW Discrete Broadened 1 BW
harmonics spectrum peaks spectra

The experimental results in Figures 13-15 validated the notion of obscuring the electric
motor’s acoustic noise spectrum through a control system infused with a chaotic signal. It
was shown that the electric motor’s acoustic frequency spectrum depends on how strong
the chaotic signal is on the control PWM. We used different strategies to cause chaos in
the control system to get statistical data on how well it worked. The experiments revealed
a notable variation in electric motor performance when utilizing propellers of differing
sizes, indicating a possible direction for further investigation of the influence of propeller
dimensions and materials on motor efficiency. The propeller has its own moment of
inertia, which stops the motor from changing speed instantly. This filters out the noise
caused by the chaotic signal in the control system. Theoretically, this might be resolved by
installing several electric motors that function asynchronously, while generating a unified

acceleration vector.
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Figure 13. Spectrograms of sound without propeller ((A)-0% chaos; (B)-5% chaos; (C)-10% chaos;
(D)-20% chaos).
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4.5.3. Analysis of Non-Uniform Winding Temperature Distribution

The three motor windings exhibit non-uniform temperature profiles in Figures 6-9,
with Phase 1 consistently operating 4-6 °C hotter than Phase 3 due to four coupled factors:
(1) asymmetric thermal coupling to the housing, where Phase 1 has the poorest heat dissipa-
tion path (R, 1 = 8.2 K/W) compared to Phase 3 (Ry,, 3 = 6.8 K/W) due to its position near
the mounting bracket versus Phase 3’s exposure to ventilation openings; (2) unbalanced
phase resistances measured at 0.207 2, 0.201 ), and 0.198 Q) for Phases 1-3 respectively,
causing 4.6% higher copper losses in Phase 1; (3) positive thermal-resistance feedback where
elevated temperature increases copper resistance (xc,, = 0.00393 K1), creating additional
losses; and (4) chaotic control amplification that increases temperature spread from 3.2 °C
baseline to 5.8 °C under chaos injection because transient heat spikes cannot be dissipated
effectively by thermally constrained Phase 1. This asymmetry, validated by calibrated
NTC thermistors with £0.5 °C accuracy, represents 15-20% thermal stress variation that
accelerates insulation degradation in Phase 1 and highlights the importance of balanced
winding resistance (tolerance < 2%) and symmetric thermal design in commercial motors,
while demonstrating chaos injection’s utility as a thermal stress amplifier for accelerated
aging tests.

4.6. Quantitative Comparison with Conventional Control Benchmarks

To contextualize the performance of chaos-based control strategies, we compare the key
metrics against the conventional BLDC motor control methods under identical operating
conditions in Table 10 (same motor, load, and supply voltage). The conventional methods
benchmarked are (1) standard Proportional-Integral-Derivative (PID) speed control with
fixed-frequency PWM [2,49], (2) Field-Oriented Control (FOC) [4,34], and (3) random PWM
modulation for acoustic noise reduction [14,39].

Table 10. Main Performance Metrics and data acquisition parameters.

Random Chaos PWM  Chaos Current

Performance Metric Baseline PID FOC PWM (S5) (S5) Units
Efficiency 89.2% 91.5% 85.3% 83.7% 79.4% %
Speed Regulation 5272 £ 8 52806  5245+15 4995 £ 35 3746 £ 90 rpm
Speed SNR 90.0 92.3 78.5 75.0 63.0 dB
THD 3.4% 2.1% 8.9% 11.2% 6.8% %
Peak SPL 82 79 76 71 74 dB
Spectral Spread (BW) 120 Hz 95 Hz 450 Hz 680 Hz 520 Hz Hz
Temperature Rise 14°C 1.1°C 42°C 8.9°C 104 °C °C
Acoustic Detectability High High Medium Low Medium Qualitative
Implementation Cost Low High Low Low Low Qualitative

5. Discussion

This section enables the detailed interpretation of experimental findings, addressing
the practical aspects of the research and its industrial applicability, highlighting the signifi-
cant limitations of this study, and outlining future research perspectives. The discussion
utilizes multi-domain performance to gain a basic understanding of chaos-based strategy
approaches in BLDC motor control.

5.1. Interpretation of Experimental Results
5.1.1. Multi-Domain Performance Correlation Analysis

Correlational studies are essential to study the mutual dependencies of performance
parameters; these studies reveal a system’s chaotic perturbations. The resulting correlation
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matrix reveals numerous significant relationships. Accordingly, it has been observed
that there is a statistically significant negative relationship between rotational speed and
the vibration signal-to-noise ratio (SNR) across all the injection scenarios (Spearman’s
p =—0.91, p <0.05). The SNR also exhibits a strongly negative rank correlation with acoustic
SPL (p = —0.92), indicating that signal integrity and acoustic generation are inversely
related across the perturbation space studied. Temperature and vibration level exhibit
a strong positive rank correlation (p = 0.78), indicating that chaotic injection generates
thermomechanical coupling effects that traverse multiple physical domains, indicating that
the chaotic injection generates effects that traverse various physical domains. The statistical
results obtained from the present study serve to underscore the necessity of implementing
an integrated, comprehensive evaluation of the under-review system.

5.1.2. Thermal and Mechanical Stress Analysis

Thermal analysis of an internal combustion engine shows that the rise in tempera-
ture variation is greatly affected by injection strategy; the most significant one held at
62.7 °C (representing a change of 23.86%) in the case of commutation injection condi-
tions. Correspondingly, the largest vibration heights, up to 0.5833 mm, are observed
under commutation, and these data indicate that the dynamic forces that occur during
such processes can possibly lead to an enhanced rate of dissolution of components in a
chaotically evolving thermal and mechanical regime. The resulting mechanical loading is in-
dicated by excessive vibration levels exceeding 7.0 g RMS, which suggest high bearing and
mounting loads that may lead to premature mechanical breakdown. Such results present
concerns regarding the danger of aggressive injection schemes as well as their possible
usefulness in the context of mechanical testing and medical condition monitoring through
vibrational diagnostics.

5.2. Literature Contextualization and Comparative Analysis
5.2.1. Alignment with Existing Chaos Control Research

The findings closely align with a lot of literature on controlling chaos, but evolve
the analysis beyond these findings. Li et al. [11] indicate a reduction of 15-20 dB of
electromagnetic interference when using chaotic PWM in induction motors, which is
consistent with the 15-25 dB peak reductions found during spectral analysis. Nonetheless,
this study is not purely related to EMI, but rather it is an in-depth, cross-cutting study
where the acoustic, thermal, and mechanical aspects are analyzed. The investigations of
chaotic sequences by Zhang and Wang [19] aim to accurately identify parameters that
match the balanced perturbation features of current feedback injection situations. Their
result of 25% faster convergence is consistent with the control value of current injection,
which has 12-20% variation, providing dynamic control without destabilizing the system.

5.2.2. Divergence from Conventional Approaches

It is imperative to acknowledge the distinction between this research and that of Petrov
et al. [20], who attained 10 dB acoustic noise suppression. The deliberate incorporation
of chaos in this paper has been shown to result in acoustic SPL increases ranging from
+28.3 dB (current feedback injection) to +59.7 dB (commutation injection) above the baseline
and the gains that fundamentally distinguish this work from conventional noise suppres-
sion approaches, thereby introducing a novel control philosophy termed signature control
orientation. This discrepancy underscores the dualistic nature of chaos in control systems,
whereby it can be perceived as either a disturbance or a system-improving entity.

The application of the Chua circuit in the generation of chaotic signals has been
demonstrated to exhibit enhanced spectral spreading (~9-14 dB) relative to random PWM
modulation activity. This claim is valid for its use in replacing random noise injection. This
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finding aligns with the conclusions reported by Callegari et al. [7] regarding the superiority
of structured chaos in comparison to random perturbations.

5.2.3. Novel Contributions to Motor Control Literature
This study has several new contributions to the chaos-based literature of motor control:

1.  Comparison of Multipoint Injection: Complete analogy of chaotic injection at PWM,
commutation, and current feedback in each control point.

2. Multi-Domain Integration: Electrical, thermal, mechanical, and acoustic behaviors
studied in a complete analysis approach.
3. Fault Simulation Framework: A systematic assessment of chaos for simulating fault

conditions and robustness analysis.

5.2.4. Scalability and Applicability to Different Motor Classes

As mentioned below in Table 11, The chaos-based control framework is directly trans-
ferable to motors up to ~5 kW with minimal modifications, but high-power (>5 kW),
high-speed (>15 k rpm), or high-precision applications require method adaptations includ-
ing thermal feedback-based amplitude limiting, mechanical resonance pre-characterization,
current regulator saturation prevention, and application-specific chaos frequency band-
width tuning. Future work should experimentally validate chaos injection on representative
motors from each class to establish validated scaling laws and safety guidelines for indus-
trial deployment.

Table 11. Motor class applicability matrix.

Chaos

Motor Class Power Range  Speed Range Chaos PWM Chaos Current Commutation Primary Application
Small 50-500W  3-10krpm  Highly Suitabl Suitabl Testing Onl Acoustic signature
UAV /Drone p ghiy suitable uitable esting y masking
Industrial Suitable with . . . Parameter
Servo 1-5 kW 0-6 k rpm tuning Highly Suitable Testing Only identification
EV Traction 50-200 kW 0-15 k rpm Limited Suitable with Not Robustness validation
safeguards Recommended
High-Speed . . Not —— . .
Spindle 5-20 kW 15-50 k rpm Limited Suitable Recommended Vibration diagnostics
Direct-Drive . . Not Low-speed acoustic
Robotics 2-10 kW 0-1k rpm Suitable Limited Recommended masking

5.3. Practical Implications and Applications
5.3.1. Stealth and Signature Management Applications

Modulation of spectral energy in the strong frequency range is a critical technological
necessity in the domain of stealth technology, particularly in the context of unmanned aerial
vehicles (UAVs) and covert operations. In this scenario, pulsed width modulation (PWM)
injection has been utilized with peak suppression of 1525 dB at the defined width without
compromising the signal-to-noise ratio (SNR). The available evidence suggests a correlation
between changes in the performance of the under-wing motor acoustical signatures and a
reduction in detectability in acoustical environments characterized by sensitivity to sound.
Consequently, the wide-band spectral wave of chaos injection destroys the characteristic
vibrational frequencies of mechanical props. The psychoacoustic masking principle has
been demonstrated to result in a 30-40% reduction in detectability. This improvement is of
particular relevance to military operations, surveillance, and wildlife monitoring, where
control over auditory disturbance is paramount.
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5.3.2. Advanced Diagnostic and Testing Applications

The excessive system perturbations that can be attained via commutation injection offer
a new, neat opportunity in diagnostic system development and validation. The capability
to simulate catastrophic failures with a 97-98% reduction in overall system speed, while
preserving system safety, is provided by the diagnostic algorithms. These gains in vibration
provide possibilities to speed up mechanical testing by orders of magnitude compared to
the traditional methods of stress testing. This high-speed option can significantly enhance
the quality assurance of motor manufacturing and validation procedures.

5.3.3. Parameter Identification and Adaptive Control

The balanced nature of current feedback injection has been demonstrated to be the
most effective vehicle for online parameter identification and adaptive control develop-
ment. The spectral structure of the 12-20% speed variations in this study provides an
abundance of dynamic excitation of the system, yet the system does not become unstable.
Therefore, parameter estimation and control adaptation can be realized in real time. The
SNR degradation (16-30%) caused by moderate-level balances is essential for maintaining
the quality of the signal required for feedback control. This degradation also provides
sufficient stimulation for the system identification algorithms. This trade-off suggests
the potential for hybrid control tactics that integrate chaotic excitation with conventional
control measures.

5.4. Future Research Directions and Opportunities
Adaptive Optimization Algorithms

The implementation of adaptive algorithms in real-time optimization of chaotic pa-
rameters has the potential to significantly enhance the performance of the control method.
Machine learning algorithms have the capacity to optimize the amplitude, frequency, and
injection timing according to real-time performance feedback. This process may lead to a
reduction in adverse effects and maximization of the desired characteristics.

Hybrid control interventions that balance performance optimization hold considerable
promise for use with chaotic injection in conjunction with traditional (FOC and DTC)
control strategies. The employment of a combination of methodologies can offer distinct
advantages, particularly during periods of operational turbulence, where the implementa-
tion of conventional control mechanisms is essential to ensure the maintenance of critical
performance benchmarks.

6. Conclusions

The findings of this research demonstrate that the implementation of chaos-based
control through a software application exerts a substantial influence on the performance
of BLDC motors, manifesting in distinct effects on the injection point. The experiment
shows that chaos-based control schemes have a great influence on the work of the brushless
DC motor drives, and the results are highly dependent on the exact time of chaotic signal
injection. Three methods of using the Chua circuit to generate deterministic chaotic signals
were considered: varying the PWM duty cycle, varying the time of electrical commutation,
and varying the current feedback. The effects of PWM injection were moderate and manage-
able. It increased the overall harmonic distortion and reduced the signal-to-noise ratio by
10 to 15 dB. This method is effective in dispersing spectral energy and concealing intense
acoustic tones, it suitable for applications that require to control the acoustic signatures,
such as stealth UAV operations. Commutation injection resulted in significant system
destabilization. Motor speed decreased by 56 percent, the signal-to-noise ratio decreased by
more than 30 dB, the operating temperature increased to 62.1 degrees Celsius, the vibration
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levels surpassed 7 g RMS, and acoustic noise reached 112 dB SPL. This approach, though
not suitable for standard operation, serves as an effective method for accelerated stress
testing, fault emulation, and robustness validation under extreme nonlinear excitation. The
current feedback injection provides a balanced trade-off. The introduction of adequate
dynamic excitation facilitated system identification and adaptive control, while preserving
relative stability, leading to a 12 to 20 percent decrease in efficiency and a 16 to 30 per-
cent deterioration in the signal-to-noise ratio. The motor demonstrated a new steady state
characterized by minimal oscillations, thereby validating the method’s effectiveness for real-
time parameter estimation. Experimental validation on a physical test stand demonstrated
that chaotic control effectively conceals the motor’s acoustic signature. The spectrograms
demonstrated a progressive spectral spreading correlating with increased chaos amplitude,
thereby validating the simulation results. The findings indicate that chaos should not be
utilized as a primary control mechanism; rather, it serves as a complementary technique for
specialized tasks, such as stealth operation, fault simulation, and improved system identifi-
cation. Future research will concentrate on the real-time adaptive optimization of chaotic
parameters through machine learning and the creation of hybrid control architectures that
integrate chaotic excitation with traditional control strategies to achieve a dynamic balance
of performance, stability, and functional utility.
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