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Abstract

Adapting the system’s controller parameters using computational intelligence
is increasingly common in applications with uncertainties and disturbances.
Specifically, bio-inspired optimization has demonstrated significant progress
and proven efficacy in auto-tuning controllers for Brushless Direct Current
(BLDC) motors. However, the stochastic nature of bio-inspired algorithms
in dynamic and uncertain environments often leads to solutions in differ-
ent regions of the search space, resulting in large variations in controller
gains and altering closed-loop system performance. To address the multi-
modality of the dynamic optimization problem in controller auto-tuning, this
paper proposes incorporating an unsupervised-learning-based convergence-
enhancement mechanism into the differential evolution’s variation operator
and dynamic constraints. This approach synergistically improves exploration
and exploitation in promising regions of the search space, yielding more ef-
ficient and reliable solutions for controller tuning and improved closed-loop
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performance. The proposed method, called the Adaptive Method for Con-
troller Tuning based on Promising Regions (AMCT-PR), is applied to the
Proportional-Integral (PI) controller of the BLDC motor. AMCT-PR also
includes a way to handle load perturbations by incorporating robust terms
into the optimization problem without requiring knowledge of the probability
distribution of such perturbations. Comparative statistical results against
three state-of-the-art tuning approaches reveal the superiority of the pro-
posed method, achieving improvements of up to 17.33% in closed-loop per-
formance while reducing controller gain variation by up to 37.50%.

Keywords: Adaptive tuning, brushless motor, differential evolution,
bio-inspired optimization, meta-heuristics




List of acronyms and nomenclature

Acronyms

ES Evolution Strategies

DES (1+1)-Dynamic Evolution Strategy

ABC Artificial Bee Colony

ACO Ant Colony Optimization

AFIN Adaptive Fuzzy Inference Network

ALO Ant Lion Optimizer

AMCT Adaptive Method for Controller Tuning
AMCT-PR Adaptive Method for Controller Tuning based on Promising Regions
ANFIS Adaptive Neuro-Fuzzy Inference System

BA Bat Algorithm

BFO Bacterial Foraging Optimization

BLDC Brushless Direct Current

CATSCG Chaotic Adaptive Tuning Strategy for Controller Gains
CATSCG (R) Robust version of CATSCG

CODE Chaotic Online Differential Evolution

CN Cluster Number

CR Crossover Rate

Cs Cuckoo Search

DC Direct Current

DE Differential Evolution

DE/rand/1/bin Differential Evolution mutation strategy

DOP Dynamic Optimization Problem

EA Evolutionary Algorithm

EMF Electromotive Force

ES Evolutionary Strategy

FA Firefly Algorithm

FL Fuzzy Logic

FOPD Fractional-Order Proportional-Derivative
FOPI Fractional-Order Proportional-Integral
FOPID Fractional-Order Proportional-Integral-Derivative
FPA Flower Pollination Algorithm

GA Genetic Algorithm

GOA Grasshopper Optimization Algorithm
HDBSCAN Hierarchical Density-Based Spatial Clustering of Applications with Noise
IAE Integral of Absolute Error

ISE Integral of Squared Error

ISU Integral of Squared Control Signal

ITAE Integral of Time-weighted Absolute Error
ITSE Integral of Time-weighted Squared Error

Jaya Jaya Optimization Algorithm

LSO Lion Swarm Optimization

MMOP Multi-Modal Optimization Problem

MO Maximum Overshoot

MSA Moth Swarm Algorithm

MT Mersenne Twister

MTRNG Mersenne Twister Random Number Generator
NCODE Niching Chaotic Online Differential Evolution
NP Population Size

ODE Online Differential Evolution

OPSO Online Particle Swarm Optimization

OGA Online Genetic Algorithm

PI Proportional-Integral

PID Proportional-Integral-Derivative

PD Proportional-Derivative

PRNG Pseudo Random Number Generator

PSO Particle Swarm Optimization

RFNN Recurrent Fuzzy Neural Network

NN Neural Network

RMSE Root Mean Square Error

SCNG Sine Chaotic Number Generator

SCNR Sine map-based Chaotic Number Generator Routine
SE Speed Error

SI Swarm Intelligence

SL Speed Loss

ST Settling Time

TDPC Time Domain Performance Criteria

TR Rise Time

WFA-HBVPID Weighted Firefly Algorithm for Hybrid Bacterial Variant PID
WT2F Wavelet Type-2 Fuzzy




Nomenclature
State variables

z(t) Real state vector of the BLDC motor, z € R®.
Z(t) Estimated state vector (identification stage).
z(t) Predicted state vector (predictive stage).

z(t) Desired (reference) state vector.

z; i-th component of .

& Time derivative of x.

Motor parameters

0 Angular position.

w Angular velocity.

S] Real motor parameter vector, © € RS.
) Estimated parameter vector.

er Robust estimated parameter vector obtained from robust identification stage.
bo Friction coefficient.

J Rotor inertia.

R Phase-to-phase resistance.

L Phase-to-phase inductance.

T Phase resistance.

1 Phase inductance.

km Torque constant.

ke Back-EMF constant.

TL Load torque.

Te Electromagnetic torque.

P Number of pole pairs.

Vs Input voltage.

Vabs Vbes Vea Phase-to-phase voltages.

7(0) Inverter commutation function.

e(0) Trapezoidal back-EMF shape function.
A,B,C,D Auxiliary functions derived from the trapezoidal back-EMF profile.

Controller variables
K = [kp, ki]T PI gain vector.
K" Robust PI gain vector.

u(t) Control signal.
Sensitivity variables
Sz Sensitivity of the estimated states 9%/97p,.
Sz Sensitivity of the predictive states 9%/97y,.
oJr /oty Identification error sensitivity.
oJp /0Ty, Predictive error sensitivity.
Performance indices
Jr Identification performance index.
JIr Robust identification index.
Jp Predictive performance index.
Jpr Robust predictive index.
Time and windows
t Continuous time.
At Sampling interval.
At Optimization update interval.
Awy Identification window length (samples).
Awp Prediction window length (samples).
Q Identification time horizon.
Q Prediction time horizon.
Optimization (DE/NCODE)
X{,G i-th individual at generation G.
M? Offspring individual.
NP Population size.
Gmaz Maximum generations.
Scaling factor.
CR Crossover rate.
CN Number of clusters.
II;,Ip Memory (identification/prediction).

Constraint violation function.
Chaotic generator

Ze Current chaotic state.
Zn Updated chaotic state.
I Sine map parameter.

1. Introduction

In control system design, the engineer must select the controller structure
and face the difficult task of adjusting its parameters to fulfill one or a set
of conflicting control objectives, such as settling time, maximum overshoot,
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steady-state error, or energy consumption. In recent years, there has been an
increase in the use of metaheuristic optimization for controller tuning tasks
[1, 2, 3, 4, 5] due to their ability to handle dynamic constraints and identify
global optimal solutions in complex and uncertain environments [6].

One research direction is to develop methodologies for updating controller
gains at predefined time intervals [7] or dynamically during closed-loop oper-
ation [8]. This approach to online controller tuning is known as the Adaptive
Method for Controller Tuning (AMCT), according to the taxonomy pre-
sented in [9, 10, 4]. In the AMCT, Dynamic Optimization Problems (DOPs)
are formulated to perform identification and predictive stages. The DOPs
are solved using metaheuristic optimization procedures such as Swarm In-
telligence (SI) and evolutionary computation [11, 12, 13] to select the most
suitable system parameters and controller gains (both of which are referred
to as design variables) at their respective stages.

Finding solutions in the DOP is challenging because the fitness landscape
and design variables change over time. Thus, the DOP has more than one
optimum (which may include acceptable local optima) in each time window
across the dynamic environment. Assuming the algorithm finds the global
solution, the DOPs in the controller tuning task become even more com-
plex when many global optima are encountered at the predefined time. In
this scenario, several system and controller parameters satisfy the selected
performance criteria, but traditional evolutionary algorithms (EAs) search
for a single global optimal solution rather than multiple ones, thereby losing
population diversity and converging to a single basin of attraction. Neverthe-
less, some global optima can lead to sudden changes in the future behavior
of the closed-loop performance, which traditional EAs cannot distinguish.
Additionally, over time, promising regions of the search space may become
inferior in the dynamic environment, making it difficult for the algorithm to
find the most suitable solution.

In this research direction, one unexplored issue in the AMCT approach
is that metaheuristic optimization can yield solutions in other regions of the
decision space, thereby promoting better solutions in the dynamic optimiza-
tion framework for controller tuning. However, some regions are not suitable
for the controller’s closed-loop performance. For instance, when the system
reaches the desired behavior during task execution, the AMCT’s predictive
stage can significantly change the design variables to minimize the predictive
function in the simulated environment. However, this abrupt change in the
design variables alters the control signal in the current closed-loop system,



leading to deviations from the control objectives.

This issue with changing design variables is attributed to the multi-
modality of the optimization problem in the AMCT approach. When a
problem has multiple global and local optima, it is considered a multimodal
optimization problem (MMOP) [14]. Multi-modal optimization problems
[15, 16] emerge in the AMCT approach as well as in other real-world applica-
tions, such as multi-robot task allocation [17], electromagnetic optimization
[18, 19], protein structure prediction [20], project scheduling [21], and others.

Researchers have addressed this problem in controller tuning by imple-
menting low-pass digital filters [10, 22, 23] in the obtained controller gains
to handle variations in the design variables. Others have incorporated anti-
windup methods into the controller [7, 24] to reduce the increment in the
control variable and avoid saturation. Using constant and reduced design-
variable bounds in the optimization process is another strategy to maintain
the controller gains within a specific region [25, 26]. In these works, the
obtained controller gains are over-adjusted or limited to provide a suitable
control signal in the current closed-loop system. However, this additional ad-
justment can degrade the controller’s closed-loop performance because these
implementations (e.g., filters, anti-windup methods, and gain bounds) limit
the metaheuristic optimizer’s exploration by excluding them from the opti-
mization process.

On the other hand, given that the electric drive market is among the most
rapidly expanding industries and that the controller’s flexibility, reconfigura-
bility, and adaptability are essential for high-performance applications such
as robots, machine tools, and other systems, the AMCT based on metaheuris-
tics has been applied to the actuators of the system. The AMCT, based on
a Genetic Algorithm (GA), is applied to the Proportional-Integral controller
of an indirect field-oriented linear induction motor in [25], providing highly
effective dynamic properties under changes in plant parameters, frictional
forces, and external load disturbances. Fast adaptive memetic and genetic
algorithms are incorporated into the AMCT to control a permanent-magnet
synchronous motor [27]. These algorithms determine the control parameters
for speed, current, the compensator, and the filter.

The AMCT is also applied to the Brushed Direct Current (DC) motor in
[24], with a neural network to predict the fitness function of trial solutions and
using different variants of metaheuristic algorithms such as Particle Swarm
Optimization (PSO), Differential Evolution (DE), Bat Algorithm (BA), and
Evolutionary Strategy (ES). Instead of using a neural network, [22] employs
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a dynamic DC motor model for prediction using DE variants, GA, and PSO.
These works confirm the usefulness and reliability of metaheuristic algorithms
for real-time controller tuning in dynamic environments.

One of the most widely used actuators is the Brushless Direct Current
(BLDC) motor due to its superior speed versus torque characteristics and
high dynamic response, among other advantages, over the conventional DC
motor [28]. Several controller tuning strategies based on metaheuristic op-
timization have emerged in recent years. Table 1 shows the most relevant
works in this direction. It is observed that most of the work (80%) im-
plements offline controller tuning, making it more susceptible to unknown
uncertainties and disturbances. Online controller tuning based on AMCT
(related to the proposal) is used less frequently in BLDC motor controllers,
appearing in only 20% of reported works.

Conversely, the most used optimizers are Particle Swarm Optimization
(PSO) in 62% of the works, followed by Genetic Algorithm (GA) in 41%,
Bat Algorithm (BA) in 25%, Differential Evolution (DE) in 20%, Firefly
Algorithm (FA) in 12%, and the rest are used at most once, i.e., in 4%. This
result indicates that Swarm Intelligence (SI) algorithms based on collective
behavior within self-organizing societies of agents (PSO, BA, and FA) are the
most used optimizers, followed by Evolutionary Algorithms (EA) inspired by
natural evolution and survival of the fittest (DE and GA). Nevertheless, the
literature comparing SI algorithms with EAs, particularly with DE, is scarce
29, 30].

In recent years, learning-based controller tuning strategies have gained
significant attention, particularly in expensive and constrained optimization
problems arising in controller calibration. In [30], surrogate-assisted adap-
tive tuning for control systems is explored using response surface models,
which significantly reduce the computational cost of the tuning process while
maintaining competitive closed-loop performance in BLDC motors (but not
superior) to that obtained with model-based or filtering-based adaptive tun-
ing strategies, indicating that their main advantage lies in computational
efficiency rather than performance improvement. Similarly, [53] employs
Bayesian Optimization to efficiently adjust MPC cost weights in bilateral
teleoperation, significantly reducing calibration time while improving posi-
tion and force tracking. In [54], neural networks approximate the robust MPC
control law itself, embedding approximation errors into a robust framework
to ensure constraint satisfaction and closed-loop stability with substantial
memory reduction.
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Recent work has also explored direct learning of controller tuning rules
[55]. In [56], an inverse supervised learning framework leverages a digital
twin to generate synthetic data and meta-learn a direct mapping from input-
output trajectories to controller parameters, bypassing explicit system iden-
tification during deployment. In a different direction, [57] applies reinforce-
ment learning to tune PID gains for nonlinear biotechnological systems, mod-
eling the PID controller as an actor network and optimizing gains through
trial-and-error interaction with the environment.

It is important to highlight that the role of learning in the proposed
method is fundamentally different. In most learning-assisted optimization
frameworks described above, learning mechanisms are typically used to ap-
proximate the fitness function (e.g., surrogate models), adapt control param-
eters, or guide the search through predictive models, while overlooking one of
the main causes of closed-loop performance degradation, that is, the variation
of the controller parameters over time, which may induce abrupt gain changes
and consequently deteriorate closed-loop behavior. In contrast, the proposed
AMCT-PR does not rely on the approximation of the objective function. In-
stead, it incorporates an unsupervised learning mechanism that operates at
a structural level within the optimization process. Specifically, the Dynamic
Memory-Based Niche Identification (DMNI) mechanism is embedded directly
into the mutation operator of Differential Evolution. Its purpose is not to
estimate solution quality, but to identify and preserve promising regions of
the search space across time by exploiting the continuity of previously suc-
cessful solutions. This memory-driven niching strategy allows the algorithm
to maintain temporal coherence in the design variables while still enabling
controlled exploration. Then, the DMNI mechanism modifies the selection of
the candidate individuals. Therefore, the learning component becomes part
of the search dynamics itself.

Furthermore, unlike clustering-based DE variants, where clustering is
typically used as a static diversity-preservation mechanism, the proposed
approach employs dynamic clustering guided by memory evolution, mak-
ing the notion of “promising regions” adaptive over time. This produces a
memory-driven and temporally coherent search process, which is particularly
important during the dynamic evolution of controller tuning.

In addition, the proposed method integrates dynamic constraints directly
into the optimization problem to explicitly regulate inter-window variation
of the decision variables. This contrasts with existing approaches that rely
on post-processing strategies such as filtering or bounded parameter updates.
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In this way, smooth parameter evolution is enforced inside the optimization
loop itself.

It is also worth noting that reinforcement learning approaches to con-
troller tuning, such as [57], learn gain-adjustment policies through trial-and-
error interaction with the environment, which typically requires extensive
training episodes and does not explicitly address the temporal consistency
of the controller gains across consecutive tuning intervals. In contrast, the
proposed AMCT-PR enforces smooth gain evolution through dynamic con-
straints embedded directly in the optimization loop, without relying on policy
learning or interaction with the environment.

These differences make the proposed AMCT-PR a structurally integrated
learning-enhanced optimization framework specifically designed for dynamic
optimization problems in adaptive control, where temporal consistency, ro-
bustness, and smooth parameter evolution are critical.

To further clarify the distinctive characteristics of the proposed AMCT-
PR framework with respect to existing adaptive controller tuning approaches,
a conceptual comparison is presented in Table 2, spanning several dimensions:
adaptation mechanism, role of learning, constraint handling, population man-
agement, multimodality handling, and gain variability. As shown, unlike
approaches in which learning mechanisms are externally coupled or used as
auxiliary guidance (e.g., surrogate-assisted or neural-network-based fitness
approximation), the proposed framework integrates unsupervised learning
directly into the optimization process via the DMNI mechanism, enabling
the joint evolution of population structure and constraint handling within a
unified scheme. Furthermore, unlike filtering- or bounds-based approaches
that regulate gain variability as a post-processing step decoupled from the
optimizer, AMCT-PR enforces smooth parameter evolution directly inside
the optimization loop through dynamic constraints, preserving closed-loop
performance without restricting the optimizer’s exploratory freedom. To-
gether, these elements distinguish AMCT-PR as a structurally integrated
framework specifically designed for dynamic and multimodal optimization
problems in adaptive controller tuning.
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Contributions

Based on the fact that the sudden changes in the design variable vector
in the AMCT have been addressed by using filters, anti-windup methods,
and static gain bounds, this paper proposes a structured adaptive tuning
framework for control systems where a Dynamic Memory-Based Niche Iden-
tification (DMNI) mechanism and dynamic constraints that explicitly limit
inter-window design parameter variation operate synergistically within the
identification and predictive stages of the AMCT. Unlike existing learning-
assisted and clustering-based approaches, the proposed method incorporates
a structurally integrated unsupervised learning mechanism that is not merely
used for diversity preservation or offline guidance. Instead, it is embed-
ded directly within the optimization loop, where it operates alongside dy-
namic constraints to enforce temporal coherence in the solution trajectory.
These elements together form a closed-loop adaptive optimization architec-
ture for control tuning called Adaptive Method for Controller Tuning based
on Promising Regions (AMCT-PR).

Then, the AMCT-PR includes a mechanism to classify the region of the
most suitable solutions via unsupervised learning of design-space niche clus-
tering and applies this to the optimizer’s variation operator (mutation) for
individual selection. This mechanism is memory-driven, as the promising
region is identified relative to the best solution stored from the previous
optimization window, allowing the niche to evolve coherently across time
intervals while preserving temporal continuity in the design variables. Dif-
ferential Evolution (DE) is adopted to implement this strategy due to its
few parameter requirements, the demonstrated robustness in dynamic opti-
mization contexts [58], and according to the state-of-the-art summarized in
Table 1, DE-based optimizers are among the most widely used evolutionary
algorithms for controller tuning in electric drives [29]. Moreover, special dy-
namic constraints are incorporated into the optimization problem to explic-
itly regulate the inter-window variation of the design variables, maintaining
the search within regions close to previously validated solutions. The DMNI
mechanism and dynamic constraints transform the adaptive tuning process
into a dynamic search strategy that improves the exploration-exploitation
balance and accelerates convergence toward promising regions of the multi-
modal search space, thereby promoting smoother controller gain evolution
and improved closed-loop performance. Therefore, the proposed AMCT-PR,
which integrates the dynamic memory-based niche identification mechanism
and dynamic constraint regulation within an online adaptive framework, con-
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stitutes the first main contribution of this paper. This approach is compared
with state-of-the-art tuning methods, and inferential statistical analysis con-
firms the superior performance of the proposed AMCT-PR when applied to
the Proportional-Integral (PI) controller of a BLDC motor under parametric
uncertainties and load disturbances.

On the other hand, the AMCT inherently handles environmental changes
by continuously updating the control gains. Nevertheless, as observed in
Table 1, most existing works mitigate variations in control performance ob-
jectives by incorporating performance indicators related to task error (91%
of the reported studies) and, to a lesser extent, to energy consumption in
the control action (12%), typically through the reduction of torque ripple
or control signal magnitude. However, these approaches do not explicitly
incorporate a mechanism into the optimization formulation to reduce the
sensitivity of the performance indices to unknown environmental variations,
without assuming prior knowledge of the probability distribution of such
uncertainties. In contrast, this paper introduces robust terms directly into
the dynamic optimization problems of both the identification and predic-
tive stages of the AMCT-PR. By embedding sensitivity minimization within
the objective functions, the proposed method promotes controller parame-
ters that are intrinsically less affected by load disturbances and parametric
uncertainties. This integration of robustness at the optimization level, rather
than as a post-processing or external compensation strategy, constitutes the
paper’s second main contribution.

The proposed approach achieves controlled temporal evolution of con-
troller gains in a dynamic multi-modal environment without relying on ex-
ternal filtering, anti-windup adjustments, or restrictive gain bounds. It si-
multaneously maintains solution continuity across time windows, preserves
exploitation in historically promising regions, allows controlled exploration
when the niche deteriorates, and embeds robustness against load uncertain-
ties directly into the optimization problem. To the best of our knowledge,
current state-of-the-art approaches do not simultaneously integrate these four
aspects within an online adaptive controller-tuning framework.

The rest of the paper is organized as follows. Section 2 describes the
dynamic equations for the case study that apply the AMCT-PR, i.e., it shows
the BLDC motor dynamics. The proposed AMCT-PR and its application
to the robust tuning of the PI controller for BLDC motors are presented
in Section 3. The discussion of the results is given in Section 4, and the
conclusions are drawn in Section 5.
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2. BLDC motor dynamics with the PI controller for speed regula-
tion

The schematic diagram of Brushless Direct Current (BLDC) motors in
star topology is shown in Fig. 1. The parameters associated with the BLDC
motor are the angular position ¢, the angular velocity w, the current i,
in the phase 7 € {a,b,c}, the phase-to-phase resistance R, the phase-to-
phase inductance L, the friction coefficient by, the rotor inertia J, the torque
constant k,,, the back-EMF constant k., the load torque 7, the total torque
delivered by three phases 7. = ki, (i,€(0) + iv€(0 — 27/3) +i.€(0 — 47/3)),
the number of pole pairs P, the input voltage V,, and the phase-to-phase
voltage V.

Three-phase inverter

)
—

—>
W
ic
o] Q,.,_ua} Qb_nﬁ}
. . . PI
Gate driver commutation logic
Controller

Figure 1: Three-phase BLDC motor and inverter topology used for PI speed regulation.
The nonlinear electrical and mechanical dynamics define the plant employed in the iden-
tification and predictive stages of the proposed AMCT-PR framework.
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The dynamic equations of the BLDC motor comprise electrical and me-
chanical components [59, 60]. The closed-loop system of the motor dynamics
is expressed in (1), where the state vector is related to z = [0, w, i,, @, [(T2—
w)dt]T € RS and it considers the Proportional-Integral (PI) controller as the
input signal v = V. So, this expression represents the state-space dynamics
of the BLDC motor under PI control. In simple terms, it describes how the
motor states (position, velocity, and current) evolve over time as functions
of the system parameters and controller gains. This equation enables emula-
tion of BLDC motor behavior in simulation environments, avoiding the need
to collect data from a real platform. Moreover, it facilitates optimization
by enabling the identification and prediction of how different controller and
system parameter settings affect the closed-loop motor response.
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Let © = [bjo, k7m, %, %, %, %, 11, P € R3® be the BLDC motor

parameter vector, K = [k,, k;]7 € R? be the controller gain vector and =
is the desired state vector, the resulting equations are as follows [29]:

0 ©& 0 0 0 0 0 0

0 —©; COy DO, 0 0 0 |/ 0607
i=10 405 -6y 0 0|2+ | 205 165 {Va”}— 0

0 203 0 -6, 0 —10; lo5| L' 0

0 -1 0 0 0 0 0 T
i = f(z,0,K) (1)

The phase-to-phase voltages are Vo, = 5(7(0) — 7(0 — 27/3)) and V. =
(70 — 27 /3) — (6 —4n/3)), considering the PI controller u = k,(Zy —
2) + k;xs. The parameters associated with the trapezoidal shape function
of the back-EMF force are A = &(0 — 2n/3) — 2e(0) + e(0 — 47/3), B =
e(0) —2e(0 —2r/3) +e(0 — 4r/3), C = () — e(f — 4n/3), and D = &(f —
21/3) — e(@ — 4w /3). The functions associated with the trapezoidal and
voltage equations are described as follows:
8 If-m/6<60<m/6 0, If—7/6<60<7/6
. 1, Ifn/6<0<5r/6 _ 1, Ifn/6<0<51/6
e(0) = _6(6—m) If 57/6 <0 < Tn/6 1(0) = 0, If5w/6<0<7Tr/6

—1, If7r/6<0<1ln/6 ~1, If7r/6<6<1ln/6

)

u
2
T

One important consideration in the BLDC motor’s dynamic simulation
is the inclusion of the physical limit on the applied voltage in the control
signal. On a real platform, the power source can maintain the nominal
voltage. Therefore, to simulate the voltage limit, the control signal is set
to its maximum value whenever it exceeds the limit. This limit strategy
in the control signal is applied to the motor’s dynamics and to the robust
predictive stage described in Section 3.2.

3. Adaptive Method for Controller Tuning based on Promising Re-
gions

Two successive steps are necessary for the AMCT of BLDC motors: iden-
tification and prediction. The formulation of both stages comprises two dy-
namic optimization problems that are solved using bio-inspired techniques.
The main difference of the proposed Adaptive Method for Controller Tuning
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based on Promising Regions (AMCT-PR) is the incorporation of the pro-
posed Niching Chaotic Online DE (NCODE), which, together with the spe-
cial dynamic constraints in the dynamic optimization problems, promotes a
better closed-loop response, reduces design variable changes, and aids the
search for solutions in the multi-modal space. Unlike existing learning-
assisted and clustering-based DE approaches, the proposed framework in-
tegrates an unsupervised learning mechanism (DMNI) directly into the opti-
mization loop in a structural manner. Rather than relying on surrogate mod-
els or external guidance, the learning component identifies promising regions
from population structure and historical memory and is embedded within
the mutation operator, thereby shaping the search dynamics. Furthermore,
clustering is dynamically coupled with memory to enforce temporal coher-
ence of the solution trajectory, while dynamic constraints are incorporated
into the optimization formulation to explicitly limit inter-window parameter
variations. In this section, the proposed AMCT-PR is detailed for robust
tuning of the BLDC motor controller.

The first stage estimates the BLDC motor parameters ©(t) based on a
robust identification process. The second stage determines the controller’s
parameters K (t) based on a robust predictive process. Both stages are for-
mulated as dynamic optimization problems, and the proposed NCODE pro-
vides the corresponding solutions for setting those parameters over different
time intervals. One of the main aims in both stages is to make the parame-
ters ©(t) and K (t) as insensitive as possible to load uncertainties, without
accounting for the probability distribution of parameter variations in the
optimization problem.

The schematic diagram of the proposed AMCT-PR is provided in Fig.
2. Initially, the BLDC motor’s initial states x(0) = 0, the time ¢ = 0, and
the proposed controller gains K", as well as the estimated motor parame-
ters O, are established at the beginning of the main loop. Let At denote
the sampling interval used in numerical integration, while At represents the
optimization update interval in the proposed adaptive framework. At each
At (s), an interruption is generated, and the behavior of the BLDC motor
dynamics is computed by integrating the differential equation given in (1)
(in practical applications, this behavior is determined by the system sensors
and state estimators). This interruption provides the state vector informa-
tion at the current time, i.e., z(t + At). The main loop waits until the time
period At >> At is completed. When this occurs, the estimated BLDC mo-
tor parameter ©” and the controller parameter vector K" are updated using
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robust identification, followed by the robust predictive stage. Both stages
are solved using the proposed NCODE, which, together with the special dy-
namic constraints described in Section 3.3, promotes the search throughout
promising regions. With the robust controller parameter vector K" found
by the NCODE, load uncertainties can have less impact on controller be-
havior as the task progresses, and smooth behavior in the controller gains is
encouraged.
Applying the AMCT-PR has the following requirements:

1. Differential equations must be able to describe and predict BLDC mo-
tor dynamics, which means that the physical laws governing the motor’s
behavior are known.

2. The transcription method [61] is used to transform the initial continuous-
time formulation (an infinite-dimensional optimization problem) into
a discrete-time formulation (a discrete-dimensional optimization prob-
lem), with the goal of casting the associated dynamics into a finite state
space through the solution of the differential equations using numerical
integration techniques.

3. The associated control gains parameterize the control system.

4. Only the nominal parameters of the uncertainty are known, so these
are considered in the solution of the optimization problems.

The next subsections describe the components of the proposed AMCT-
PR, including the robust identification and predictive stages, as well as the
optimizer used to search for solutions in promising regions.

3.1. Robust identification stage in the BLDC motor

In the robust identification stage, the estimated parameter vector © €
R® of the BLDC motor dynamics (1) is found through the solution of a
dynamic optimization problem. The robust identification stage requires the
state information of Aw; previous states, i.e., x(t — Aw;At), ..., z(t —
2At), x(t—At), x(t). The dynamic optimization problem consists of finding
the robust parameter vector ©” for the estimated BLDC motor dynamics
Z(t) expressed in (8), which simultaneously minimizes the error between the
current states x(t) and the estimated ones Z(f) in the time interval t €
[t — Aw;At, t], and also decreases the identification error sensitivity with
respect to changes in the load torque. Minimizing the identification objective
function improves the model’s approximation of BLDC motor states, and
decreasing its sensitivity reduces the changes of identification errors due to
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@ Interrupt routine at each At
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z(t + At) by integrating the

While ¢t < t¢ ,No closed-loop dynamics:
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END
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Figure 2: Schematic diagram of the proposed AMCT-PR framework. The architecture
integrates robust identification, robust predictive tuning, memory updating, NCODE op-
timization, and dynamic constraints to regulate inter-window gain variation.
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load variations. The main objective of sensitivity minimization is to provide
a parameter vector O" that is less sensitive to load variations for future
behavior in the predictive stage of the AMCT-PR. Minimizing sensitivity
reduces the extent to which the identification error varies with load changes.
This yields parameter estimates that are not only accurate but also less
disturbance-dependent.

Considering that the identification error function J; € R given in (2),
measures the discrepancy between the real system states and the estimated
states, it effectively quantifies the accuracy of the identified model in re-
producing the system behavior. Therefore, minimizing this error improves
model fidelity.

Ti(t) = (a(t) = &(1))" (x(t) — Z(t)) (2)

However, as mentioned earlier, the identified model can be affected by

variations in load torque. So, the sensitivity terms are obtained to evaluate

changes in identification error as the load torque varies, thereby indirectly

measuring the model’s response to disturbances. The sensitivity of the iden-

tification error with respect to the changes in the load torque g—;fi € R can
be computed as follows:

a.J;(t) 0. (t) 0 (t)
6TL 8@ aTL

= —2(2(t) — z(1))

T 0Z(t)
aTL

(3)

The sensitivity of the estimated states S; = 2& € R7 is obtained by

orr, .
solving the partial derivative of the estimated BLDC motor dynamics & =

f(#,0",u) (8) with respect to the load torque, and results in:
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The robust identification error Jr, € R under the effects of the load
variations is expressed as in (5). A low value of .J;,, implies that the estimated
model remains reliable even when external conditions change, and a high
value indicates a model that is highly sensitive to load variations. Therefore,
minimizing it promotes parameter estimates that are inherently robust to
disturbances.

aJ;(t) ) 2

aTL

(0 = 5)

Then, the robust identification problem can be interpreted as a trade-
off between accuracy and robustness. On one hand, the model must re-
produce the observed system behavior; on the other hand, it must remain
insensitive to load disturbances. The mathematical formulation of the dy-
namic optimization problem for the robust identification stage is presented
n (6)-(11). The time interval for the robust identification stage is t € Q C
[t — AwAt, t] = [t;, ts], bounded by its initial time ¢; and final time ¢;. At
the end of the final time ¢;, the estimated robust BLDC motor parameter
vector ©” € R? is obtained by considering a weighted product method [62] in
the objective function. The first design objective is the identification error,
and the second is the corresponding sensitivity. The problem is constrained
by both the estimated DC motor dynamics (8) and the state sensitivity dy-
namics (9) with their initial conditions (10), and box constraints (bounds)
on the estimated robust BLDC motor parameter vector (11).
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OreRr7
Ty = / TH(8) T ()t (7)
teQ
Subject to :
[0 o 0 0 0] 0 0 0
0 —©7 Cey DOy 0 0 0 Vol oLer
r=10 405 —O; 0 0|Z+| 3605 3Of [VZ] 0
0§65 0 -85 0 ~305 365 0
0o -1 0 0 0 0 0 T9
(8)
4 = Fry(55.0) (9)
dt T — JR\PxH
y dx:(t;)
N (i Q) — 1
E(t;) = x(t;), Sz(t:) o (10)
émin § (:) § éma:p (11)

3.2. Robust predictive stage in the BLDC motor

In the robust predictive stage, the goal is not only to minimize future
tracking error but also to ensure that the selected controller gains remain ro-
bust to potential load variations. In simple terms, the optimizer searches for
controller parameters that perform well in the future while being insensitive
to uncertainties.

In particular, in the robust predictive stage, the controller gains K € R?
of the PI speed controller are obtained by solving a dynamic optimization
problem. This stage requires the information of the predictor & for the
BLDC motor states in the time interval ¢ € [t, t + AwpAt] to compute
the future system behavior, i.e., the state information of Awp future states
x(t), z(t+ At), z(t + 2At), ..., z(t + AwpAt). It also uses the estimated
robust BLDC motor parameter vector ©” found in the robust identification
stage. The dynamic optimization problem consists of finding the controller
parameter vector K for the state predictor dynamics (t) expressed in (18),
which simultaneously minimizes the error between the predictive state of the
motor speed and the reference speed and also reduces the error sensitivity
with respect to variations in the load torque. Reducing predictive error yields
PI control gains that meet the regulation task within the prediction time hori-
zon, while minimizing sensitivity to predictive error yields control gains that
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accommodate future load changes in the BLDC motor. The main objective
of sensitivity minimization is to provide a PI control parameter vector K"
that is less affected by load variations in the next time period. Minimizing
predictive sensitivity promotes PI gains that inherently attenuate the impact
of future load disturbances, improving robustness at the optimization level.

Considering that the predictive tracking error Jp € R defined in (12),
measures the tracking performance within the prediction horizon, its mini-
mization improves tracking fidelity. It measures how accurately the controller
is expected to follow the reference trajectory in the future

Tp(t) = (T2(t) — 2(1))* (12)

However, the predictive tracking error can be perturbed by the variations
in the load torque. So, the sensitivity terms are obtained to evaluate changes
in tracking error as the load torque varies, thereby indirectly measuring the
controller performance to external disturbances. The sensitivity of the pre-
dictive error with respect to the variations in the load torque 22 € R can

or,
be obtained as follows: "

8.Jp(t) 8.Jp 9 (1)
87’L 6@ aTL

= —2(2(t) — T2(t))

Os(t)
aTL

(13)

The sensitivity in the predictive states S; = 86752 € R7 is computed by

solving the partial derivative of the predictive BLDC motor dynamics & =
f(z,0", K™) (18) with respect to the load torque, and results in

doiy [ (x @T,KT> 0;  Of (i,@’",K’“)
it o, 0% o T om
[0 o5 0 0 0
0 o7 ~ Cey Doy 0
= |0 —“2Q+2W)0;+40; -6, 0 HQ+2W) | -
0 F(-Q+W)e5+%565 0 -] H(@Q-W)
L 0 ~1 0 0 0

ESJE = frp(S:, 0", K")
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where W = (7(0) — 7(0 — 27/3)) /2 and Q = (7(0 — 27/3) — (0 — 47 /3)) /2
are related to the switching sequence functions of the inverter.

Then, the robust predictive error Jp, € R under the effects of the load
variations is expressed as in (15). A high value indicates that small load
changes can significantly degrade tracking accuracy, whereas a low value
implies robust performance.

(15)

(97',;

ot = (220)

Then, the robust predictive problem can be interpreted as a trade-off
between tracking performance and robustness. On one hand, the controller
must minimize the predicted tracking error to accurately follow the reference
trajectory within the prediction horizon. On the other hand, it must remain
insensitive to load disturbances, ensuring that the selected control gains pro-
vide consistent performance under varying operating conditions. The formu-
lation of the dynamic optimization problem for the robust predictive stage
is shown in (16)-(21) for the time interval t € Q C [t, t + AwpAt] = [t;, ty].
The aim is to find the controller robust gains K" € R? based on the simul-
taneous minimization of the predictive error and its sensitivity, subject to
the predictive state equations (18), the predictive state sensitivity dynam-
ics (19) with their corresponding initial conditions (20), and box constraints
(bounds) on the controller robust gains (21).
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The dynamic optimization problem described in (16)-(21) is transformed
from a continuous-time formulation into a discrete-time one [61] by convert-
ing the constraints associated with the BLDC motor (18) and sensitivity
(19) dynamics (nonlinear differential equations) into a finite set of states
through their solutions by the numerical methods for Ordinary Differential
Equations (ODE solvers), and using the control signal parameterized by the
PI controller. It is important to note that the feasibility of the dynamic
constraints given by the system dynamics is ensured when they are solved
by ODE solvers.

It is important to note that the computational time required to solve the
resulting discrete-dimensional optimization problem is directly related to the
integration horizon and the number of discretization points used in the nu-
merical solution of the differential equations. Specifically, for a given integra-
tion time interval [t;,t;] and integration step size At, the number of samples
is given by Aw; and Awp for the robust identification and prediction stages.
Consequently, the computational burden increases proportionally with the
number of integration steps, since the system dynamics and sensitivity equa-
tions must be evaluated at each discretization point during the optimization
process.
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3.3. Handling the design variable’s dynamic variation as dynamic constraints

Controller tuning using evolutionary techniques requires solving dynamic
optimization problems at each period At for both stages. Evolutionary tech-
niques can yield different alternatives (solutions) for the design variable vec-
tor across time intervals due to the multi-modal performance function. When
the system to be controlled is in steady state, the controller gains may shift
at each At, causing the system to deviate from the reference. Low-pass fil-
ters, as proposed in [10], are among the most commonly used strategies for
handling variation in the design parameter vector obtained by the optimiza-
tion technique during task execution. The filter is applied to the solution
obtained from the optimization process, and the filtered solution is used as
the controller for the real system. One drawback of using the filter strategy
is that the filtered solution yields a delayed response and, consequently, may
not be the most efficient.

In this work, the maximum variations of the design variable vector in the
current time ¢ with respect to the previous time t — At are set as constraints
in both optimization stages. The design variable changes are selected to be at
most twice the current design variable vector between the two time intervals
(t — At and t). These dynamic constraints are formulated in (22) and (23),
and are included in the identification (6)-(11) and prediction (16)-(21) stages,
respectively. These constraints limit how much the system parameters and
controller gains can change between consecutive time intervals. Intuitively,
they prevent abrupt variations in the design variable vectors, ensuring smooth
evolution and avoiding undesirable closed-loop behavior.

o 1070~ O =BT
9467 (1), 1) 50 1<0 (22)
gu(K (1)) : 2O _K[’“((;()t_ Ao (23)

It is important to point out that in the constraints (22) and (23), the
design variable vector associated with the current time ¢ (07 (t) or K”(t) is
provided by the solution in the current generation. On the other hand, the
design variable vector in the previous time (O7(t — At) or K" (t — At)) is
obtained with the best results obtained in the optimization process of the
previous time interval, i.e., in ¢t € [t —At, t]. Tt is important to point out that
the design variable vector ©"(t — At) or K'(t — At) is acquired through a
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memory. The memory is explained in Section 3.4.1. The implementation of
the evaluation of such constraints is detailed in lines 4 and 16 of Algorithm
1. The additional computational burden introduced by these constraints is
minimal, since their evaluation requires only straightforward algebraic com-
parisons. It is important to mention that these constraints directly limit the
relative change of the design variables between consecutive windows. Un-
like post-processing filters, smoothness is enforced within the optimization
process itself, preventing abrupt gain transitions.

3.4. Searching for solutions in promising regions

The robust identification and predictive stages of the AMCT-PR, for-
mulated as a dynamic optimization problem, are solved at each At using
the Niching Chaotic Online Differential Evolution (NCODE) algorithm. The
proposed NCODE is based on the DE/rand/1/bin variant, incorporating
niching in the mutation process, memory, and a chaotic number genera-
tor instead of a general-purpose pseudo-random number generator such as
Mersenne Twister (MT). Conceptually, NCODE preserves temporal coher-
ence in controller gains by biasing the search toward historically successful
regions stored in memory. Instead of re-optimizing from scratch at each
window, the algorithm refines previously validated solutions while allowing
controlled exploration when necessary. The details of the NCODE are pre-
sented next.

3.4.1. Differential Evolution

As evidenced by the published specialized literature, Differential Evolu-
tion (DE), presented by Storn and Price in 1997 [63], is a well-known bio-
inspired, population-based optimizer that has proven to be successful in solv-
ing complex optimization problems, particularly those involving real-world
applications [64, 65, 66]. Systematically, DE perturbs candidate solutions
using scaled differences between individuals. As population diversity de-
creases, update magnitudes naturally decrease, favoring smoother parameter
evolution in adaptive controller tuning.

DE works as follows: An initial random population X¢=! € RNP*D of
N P vectors, called individuals y € RP, is established. Each vector comprises
the design-variable set and represents a possible solution to the optimization
problem. Once the initial population is created, the population (called the
parent population) evolves by emulating natural selection and the survival of
the fittest. This emulation creates an offspring population through mutation
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and crossover, and the offspring compete with the parent population accord-
ing to the selection process. An elitism mechanism based on the feasibility
rules proposed by Deb [67] is employed in the selection process, in which the
fittest individual between the parent x¢ and the offspring u¢ is selected to
survive to the next generation.

Considering a minimization problem, the fittest individual between a pair
is selected according to the following rules:

e Between two feasible solutions, the fittest solution is preferred (the one
with the lowest value in the objective function).

e A feasible solution is always preferred over an unfeasible one.

e Between two unfeasible solutions, the one with the fewer violated con-
straints is selected. If they meet the same number of violated con-
straints, the fittest solution is randomly selected.

The constraint function ¢ is related to the number of violated constraints.
This function is given in (24), where the k — th inequality constraint is rep-
resented by gx, and the total number of inequality constraints is given by

Ng.

g
6= max(0, sign(gx(x?))) (24)
k=1

The above processes are repeated until the maximum number of genera-
tions G,qz is reached. The last population must contain the most suitable
design variable vector, and the best among them, according to the feasibility
rules, is selected for the next time interval At.

The pseudo-code of the NCODE is given in Algorithm 1, and the partic-
ulars related to the incorporation of niching into the mutation process, the
memory, and the chaotic number generator are detailed next.

Algorithm 1 ensures parameter continuity in time by inserting the pre-
vious best solution into the population. Clustering identifies distinct re-
gions in the search space, and mutation is preferentially performed within
the niche containing the memory. Moreover, dynamic constraints regulate
inter-window variation, while feasibility-based selection preserves the best
consistent solution.
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Algorithm 1: Pseudo-code of the proposed NCODE optimizer. The algo-
rithm incorporates dynamic memory-based niche identification, chaotic number
generation, and constraint handling to solve the dynamic optimization problems

in both tuning stages.

Data: Maximum generations Gpm,qz, population size N P, crossover rate C'R, scaling factor F', cluster
number CN, memory II, and the current state of the chaotic dynamics z..

Result: The best solution (Ilq).
1 G=1
Chaotically generate an initial population X& with NP — 1 candidate vectors within the search
space.
foreachi=1to NP—-—1 A j=1to D do

L Xg] = Xmin,j + Sine(zc)(Xmam,j - Xmin,j)

3 Insert the memory Il into the last member of the population, corresponding to the individual NP.
Evaluate the performance function Ja(x$) | @ € Z,P and the dynamic constraints (22)-(23), re-

4 quiring O (t — At) « Iz or K" (t — At) + IIp with O7(t) « x& or K" (t) + x§. Then, compute
the constraint function ¢(x§) of the population X&.

5 while G < G4, do

Group the population X in CN cluster by using Kmeans algorithm.

Select the cluster in the most promising region (it is related to the closeness of the individual

NP) and store its member in Y.

F = Fopin+ SiNE(ZC)(Fmaa; - F'min)

foreach XzG € X% do

Generate a mutant vector I/Z-G with three chaotically picked individuals from the selected

10 cluster Y, according to (25). If the cluster does not contain enough members, individuals

are selected chaotically from the entire population.

Base vector
vl =xZ+ F(xS —x8) Im#Ern#rna#ExfeT (25)

Scaled difference vector

11 jrand = [D Sine(z)]

12 Generate an offspring vector MG using (26).
13 foreach j =1 to D do

14

vG.if Sine(2¢) < CR or j = jrand
#ic,;j = { el (26)

Xi g otherwise

Apply the bound constraint-handling method using random technique [68] in the offspring

15 population v©.
Evaluate Ju (1) | @ € Z,P and the dynamic constraints (22)-(23), requiring ©7 (t — At) <+
16 Iz or K" (t — At) + IIp with ©7(t) « 1S or K7(t) < p§. Then, compute the constraint
function ¢(u).
17 | Select the vector between Xz‘G and ,LLiG to incorporate it in X¢+1 based on the feasibility rules.
18 | G=G+1

19 Get the best vector from X and update the memory Tl + best(X%) | a € Z,P.
20 return II,
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Figure 3: Distribution of candidate solutions in a representative optimization window.
The objective function and design variable spaces illustrate the multi-modal nature of the
AMCT formulation and motivate the use of niche identification.

Niching mutation. It is important to note that both the robust identifica-
tion and predictive optimization problems given above present multimodal
performance functions in the adaptive method for PI controller tuning of the
BLDC motor. To illustrate this, Figure 3 represents the population taken
from the last generation for the time ¢ € Q) in the predictive stage provided
by the DE algorithm. Visually, four local solutions and one global solution
are identified (five valleys in total in the objective function space). Some
valleys contain more than one solution. The population could then be parti-
tioned into five clusters. K-means is applied in the design-variable space for
this purpose. K-means is an unsupervised learning technique widely used in
many applications to partition data into C'N clusters whose members share
similar features [69]. The colors in the figure represent five different clusters
in the population. It is observed that the obtained valleys (Fig. 3a) contain
more than one cluster despite belonging to the same performance function.
This confirms that the AMCT is a multimodal optimization problem [70],
i.e., it admits multiple optimal solutions (global and local) associated with a
single objective function. Thus, the selection of the solution may significantly
alter the design variable (design-variable variation), which in turn influences
the closed-loop system performance, as mentioned in the introduction.
Based on confirmation that the AMCT in the BLDC motor is a multi-
modal optimization problem, the Dynamic Memory-Based Niche Identifica-
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tion (DMNI) mechanism is incorporated to find the individuals in the most
promising regions of the population, which are randomly selected in the mu-
tation process. To identify the promising region at the current time in the
DMNI, the information (design vector) previously found in the past time
window, along with its evolution, is taken into account. In the first gener-
ation, G = 1, the promising region corresponds to the niche that includes
the memory (the previously found design vector). In subsequent genera-
tions (G > 1), the promising region is allowed to evolve dynamically. Such
evolution is determined by whether the parent individual from the previous
generation is related to the memory (i.e., the best solution obtained in the
previous optimization window) or its corresponding offspring exhibits greater
fitness (or its evolution) and, therefore, a higher probability of surviving the
selection stage. So, the promising region always corresponds to the niche
that contains the memory evolution.

Using information from the DMNI mechanism, a mutant population is
created using the differential mutation operator DE/rand/1 [71], except that
it uses individuals from the promising niche. The mutation operator is de-
noted by DE/Nrand/1 (25). The term Nrand denotes the random selection
of individuals within the niche, and the last term denotes a unique difference
vector. This operator consists of adding a scaled difference vector between
two randomly picked individuals ()(TG2 and ng) from the niche to the base
vector X?"Gl (individual) randomly obtained from the same niche. The indi-
viduals XTGN xi, Xf’; must be different from each other and different from
the current individual x¢. If the individuals in the niche lack sufficient
information to perform the mutation, they are selected from the entire pop-
ulation, thereby promoting exploration of the search space. The proposed
niching mutation is detailed in lines 6, 7, and 10 of Algorithm 1, where the
unsupervised learning algorithm K-means++ [72], a variant of the original
K-means with an improved initialization, is used to partition the popula-
tion into C'N clusters based on the similarity of the design variable vector.
For small datasets with NP elements, the empirical rule CN = /NP/2 is
adopted to estimate an appropriate number of clusters [73]. This heuristic
mitigates over-segmentation while preserving the ability to distinguish dis-
tinct promising regions in multimodal search spaces, thereby maintaining an
adequate exploration-exploitation balance.

It is important to note that the DMNI mechanism is executed at each
generation within each optimization interval At. Since the adaptive frame-
work performs optimization every At = 5.0 x 1072 s, the niching procedure
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is naturally embedded in the online loop and dynamically updated as the
population evolves. An empirical timing analysis shows that the clustering
stage in the DMNI mechanism represents approximately 13.95% of the total
computational time during identification and 8.89% during controller tuning,.
Therefore, the niching procedure incurs a moderate overhead while remaining
compatible with the adaptive framework’s real-time constraints.

Memory. One important key in the AMCT based on evolutionary compu-
tation is the use of a memory II, in the identification and predictive stages
(II,—7 and II,—p, respectively), through the dynamic environment [10]. This
memory helps achieve the optimum within a short, acceptable time interval
given by At, facilitating the initial search and avoiding starting from scratch
[74]. This memory also identifies the promising region, since this region is
selected according to this memory, allowing the niche to evolve coherently
across time intervals while preserving temporal continuity in the design vari-
ables. The memory is incorporated at the beginning of the optimization
process and updated with the fittest individual at the end of the process, as
suggested in [29]. These steps are detailed in lines 3 and 19 of Algorithm 1.

Incorporation of chaotic sequences. The Pseudo Random Number Generator
(PRNG) used in the DE/Nrand/1 algorithm is based on a single-state Sine
chaotic map with parameter p = 4, as indicated in [75]. The initial condi-
tion of the Sine chaotic map is randomly chosen with the Merssene Twister
Random Number Generator (MTRNG) in the interval [0, 1] at the beginning
of the closed-loop system evolution (when the simulation time is zero), and
its dynamics evolve during each function call of the Sine map-based Chaotic
Number Generator (SCNR). The chaotic behavior of the number generator
in the evolution of the DE algorithm increases the performance of the search
process of the optimizer and reduces the computational burden according to
[75]. The Sine chaotic function is given in Algorithm 2.

3.5. Implementation of the AMCT-PR

The closed-loop diagram of the AMCT-PR applied to the BLDC motor
is given in Fig. 4. The pseudocode of the complete implementation of the
proposal in the closed-loop system is given in Algorithm 3 with the interrupt
routine provided in Algorithm 4.

In each execution, the behavior of the BLDC motor is simulated at t €
[0.0,3.0] (s), considering a sampling interval of At = 5.0e —6 (s) given by the
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Algorithm 2: Sine map-based chaotic number generator (SCNG) used in
NCODE. The procedure updates the chaotic state and generates pseudo-random

values used for population initialization, mutation, and crossover operations.

Data: Current state vector of the chaotic dynamics 2¢ € R2.
Result: A chaotic number in the interval (0,1) and the current state of

chaotic dynamics 2°.
L Evaluate the next chaotic dynamics 2" by using (27) and setting the Sine

map parameter as p = 4.

n

2 = 4y sin(r 2§) (27)

2 Set z¢ = 2™ as global variable.
3 return 2"

interrupt routine and the controller gains provided by the memory IIz. The
odel method is used to numerically integrate the motor’s dynamic equations
during the simulation. It is important to mention that, before the first At,
the fixed gains k, = 85.9045 and k; = 131.79 of the PI controller are used
in the proposed strategy to induce initial control signals to the motor and
gather enough information to carry out the optimization processes at each
At. These fixed gains are obtained by a robust optimization process, which
is explained in Section 4.2.4.

The optimization processes involved in the proposed adaptive control
strategy are carried out every At = 5.0e — 3 (s). Thus, for each At, the
optimization process is first performed to identify the motor parameters using
Awy = 10 past samples of the acquired states and sensitivities, with sampling
interval At. The obtained motor parameter vector is stored in the memory
[I7. Immediately after, the optimization is performed for tuning the PI
controller in the robust predictive stage, in which Aw, = 10 future samples
are predicted, considering the dynamic parameters stored in the memory Il
and the sampling interval At. The controller parameters are stored in the
memory Ilp, which is used later at each interrupt routine (At).

Both problems are independently solved by the Niching Chaotic Online
DE presented in Algorithm 1. The search space of the robust identifica-

. . . A . — [bo km ke Rq 11 P
tion probl?m is CO{lStI"E%lned by O,in = [2Jo’ 22 af ar 3 3y Os 5 and
Omae = [20, 2hm 2ke 2Ra 2 "2 ‘9 9P| which are calculated with the nom-

. jO’JO’Ea7La’Ea7jO7‘ . .
inal values of the motor dynamic parameters in Table 3. The nominal val-
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Table 3: BLDC motor nominal parameters.
Parameter Nominal value

bo 1.8144e — 04 (kgm?)
Jo 5.0600e — 04 (kgm?)
Lq 1.0700e — 03 (H)

R, 8.4400e — 01 ()

Ko 2.3100e — 01 (Nm/A)
ke 2.0700e — 01 (Vs/rad)

ues were established based on the manufacturer’s specifications. On the
other hand, the box constraints for the robust predictive problem are given
by K., = [0,0] and K’ . = [200,200]. The values of the NCODE hy-
perparameters used in this work are the number of generations per opti-
mization process of G,,.. = 10, the population size NP = 25, the fixed
crossover rate CR = 0.5, and the scaling factor F' € [0.3,0.9], randomly
calculated at the beginning of each generation. These hyperparameters were
established based on the suggestions in [29, 76]. In addition, three clusters
CN = |\/NP/2| = 3. are sclected in the K-means++ algorithm with a
maximum number of iterations epochs = 100 (the latter is used in case the
convergence of groups is not achieved before). All pseudo-random numbers
used in NCODE are generated from the SCNG, except for the initial state
of the SCNG, which in each experiment uses the MTRNG, as can be seen in
line 2 of Algorithm 3.

4. Results

4.1. Experimental conditions

The experiments presented in this section evaluate the proposed AMCT-
PR’s performance in BLDC motor speed regulation over time, considering
adverse conditions that may occur in real operating environments.

The simulation scenario is designed to approximate real operating condi-
tions. To conduct these experiments, a test scenario is considered in which
the brushless motor is subject to time-varying parametric uncertainties, load
torque disturbances, abrupt variations in the desired speed profile, actuator
saturation constraints, and measurement noise in the acquired states and
their sensitivities. The behavior of the dynamic parameters of the BLDC
motor, subject to uncertainties, is shown in Table 4. This table lists the
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Algorithm 3: Complete implementation of the Adaptive Method for Con-
troller Tuning based on Promising Regions (AMCT-PR) in the closed-loop
BLDC motor system. The algorithm integrates the robust identification and
predictive stages, NCODE optimization, dynamic memory updating, and con-

straint handling within the online adaptive control loop.

Data: Final execution time ¢, integration time (sampling interval) At, op-
timization interval At, identification/prediction time window Awyp,
Awp, desired speed profile Zo, NCODE parameters Gi,q., NP, CR,

F and C'N.
Result: Closed-loop simulation.

Initialize the time ¢ = 0, the real BLDC motor parameter vector O, the
1 estimated BLDC motor parameter vector ©", the controller parameter vec-

tor K" and n = 1.
Set the chaotic state 2¢ = rand(0,1) as a global variable.

Update the memory Il, | o € {Z, P} with the parameter vectors ©", K”.
while t <1y do

if t > nAt then

n=n+1

Acquire the states x(t).

Robust identification stage:

Solve (6)-(11) with (22)-(23) by using NCODE (Algorithm 1).
Robust predictive stage:

Solve (16)-(21) with (22)-(23) by using NCODE (Algorithm 1).

© 00 N O Gk W oW

[
- ©

[y
N

Algorithm 4: Interrupt routine executed at each sampling interval At within
the AMCT-PR framework. The routine updates the BLDC motor states, ap-
plies the current robust controller gains, and triggers the adaptive optimization

process when the predefined optimization update interval is reached.

Data: Current state vector x(t), current time ¢ and integration time At.
Result: Next state vector (¢t + At) and next time t + At.

1 Acquire the vector K" from the memory Ilp.

) Solve the nonlinear differential equation of the BLDC motor dynamics ¢ =
f(z,0,K") (1) with the Euler’s method for the next time ¢ + At.

dx(t
2(t+ At) = 2(t) + ArZD
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Figure 4: Schematic diagram of the proposed Adaptive Method for Controller Tuning
based on Promising Regions (AMCT-PR). The diagram illustrates the interaction between
the robust identification stage, the robust predictive stage, the NCODE optimizer with
dynamic memory-based niche identification, and the closed-loop BLDC motor system
within the online adaptive framework.

motor parameters with their uncertain values used in the experiments, up-
dated from the nominal values as a function of time . The uncertainties
were chosen assuming an adverse case in which the motor parameters vary
periodically and rapidly by 4 10% of their nominal values. As for the rest of
the motor parameters, the number of poles is considered fixed at P = 11, and
the maximum voltage supported is V., = 250 (V). On the other hand, the
load torque 77, is disturbed according to (28) and the desired speed profile
varies as indicated by (29). Finally, random noise is included in the acquired
states of +0.01 for xq; 0.1 for x5; and +£0.001 for x3, x4, and x5. Likewise,
the sensitivities include a random noise of £0.01 in Szy; £0.1 in Szo; and
+0.001 in Szs, Sxy, and Sws.
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Table 4: BLDC motor parameters used during experimentation.
Parameter Experimental value

b() bo + O]_bo COS(TFt)

Jo Jo + 0.1.Jy cos(27t/3)
L, Lo + 0.1L, cos(rt)

R, Ry +0.1R, cos(2mt/3)
ko Ky + 0.1k, cos(27t)
k. k. + 0.1k, cos(27t)

1.0 (Nm), 0.5 (s) <t<25(s)
T 00 (Nm), otherwise

150.0 (rad/s), t < 1.0 (s)
Taq =4 100.0 (rad/s), 1.0 (s) <t < 2.0 (s) (29)
125.0 (rad/s), t> 2.0 (s)

4.2. Comparative results

Due to the stochastic nature of the NCODE algorithm, performance will
vary across independent executions of AMCT-PR. To assess the behavior of
the proposed strategy, 30 independent runs are performed under the same
experimental conditions described in the previous section. The performances
obtained with AMCT-PR are compared with other tuning methods:

e A robust Chaotic Adaptive Tuning Strategy for Controller Gains (CATSCG
(R)): This method online tunes the controller with the Chaotic Online
Differential Evolution (CODE). CODE operates in the same way as
NCODE but without incorporating the dynamic memory-based niche-
identification mechanism. Also, to handle abrupt variations in the de-
sign variables, CATSCG (R) uses digital filters [10] rather than incor-
porating the dynamic constraints and the DMNI mechanism adopted
by AMCT-PR.

e A non-robust version of AMCT-PR (AMCT-PR (NR)): The only dif-
ference between the AMCT-PR (NR) and the proposed AMCT-PR is
the performance functions of the optimization problems in the identi-
fication and predictive stages. The AMCT-PR (NR) omits the robust
objective functions Ji, (5) and Jp, (15) during the computation of the
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identification and predictive performance indexes J7 (6) and Jp (17),
i.e., the values of the robust objective functions remain as unit values.

e A variant of AMCT-PR using Hierarchical Density-Based Spatial Clus-
tering of Applications with Noise (AMCT-PR (HDBSCAN)): This be-
haves similarly to AMCT-PR; however, instead of using K-means++
as a niching strategy, it employs HDBSCAN [77], a widely used state-
of-the-art density-based clustering algorithm. HDBSCAN constructs a
hierarchical density-based clustering structure and extracts stable clus-
ters without requiring the number of clusters to be specified a priori.
Unlike K-means++, it does not rely on an iterative centroid-update
procedure. In this tuning method, HDBSCAN is configured to gen-
erate clusters containing at least four solutions to ensure their proper
exploitation within the NCODE mutation operator. At each genera-
tion, the cluster containing the current best individual is selected as
the promising region, rather than the niche containing the memory
evolution.

e A Robust Tuning Approach for Controller Gains (RTACG): The RTACG
[78] is an offline controller tuning method based on optimization [9] used
to optimize the PI controller gains for the BLDC motor, i.e., once these
gains are optimized, they remain fixed. In RTACG, the robust perfor-
mance function Jp and the same optimization problem presented in
(16)-(21) are considered in the interval [0,3] (s). The optimizer used
in RTACG is also CODE.

It is important to emphasize that CATSCG (R), AMCT-PR (NR), and
AMCT-PR (HDBSCAN) are executed under the same computational budget
and stopping criteria as AMCT-PR to ensure a fair comparison. Further-
more, identical optimizer settings are adopted across these online methods,
including the optimization interval, population size, number of generations
per call, crossover rate, scaling factor, and number of independent runs. In
the case of RTACG, unlike the other methods, the tuning process is per-
formed offline and is therefore not subject to strict time constraints. Conse-
quently, a more generous evaluation budget is allocated to CODE to ensure
high-quality tuning results. Specifically, the maximum number of genera-
tions is set to G,e: = 1000 and the population size to NP = 50, while the
remaining parameters are kept unchanged. Although RTACG benefits from
a larger evaluation budget, this does not compromise fairness, as it operates
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offline and is not subject to the real-time computational constraints imposed
on adaptive online methods. Under these settings, CODE is executed 30
times, and the best set of PI gains obtained is selected for the comparative
analysis, as RTACG is designed as a one-time offline tuning procedure. The
resulting gains are k, = 85.9045 and k; = 131.79, which are also employed
as the initial gains for all online methods.

Table 5 provides a concise overview of the five tuning approaches con-
sidered in the comparative study, summarizing their main features, key as-
sumptions, and computational complexity drivers to facilitate a quick under-
standing of their differences and trade-offs.
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The results obtained by comparing AMCT-PR with the aforementioned
controller tuning schemes after 30 executions are shown in Table 6. These
results are given in terms of the Integral Squared Error (ISE) control perfor-
mance index and its standard deviation (Std.) of the speed regulation task,
calculated from the first stationary state At, i.e., after 5 (ms). The best
results are highlighted in gray.

On the other hand, to draw strong conclusions about the distributions
of the results of the five compared methods, this paper uses the Wilcoxon
pairwise test with a statistical significance level of 5% [79]. The results of
the Wilcoxon tests are shown in Table 7, where the first column denotes
the comparative test performed, and the p — value column indicates the
probability value. If the p — value of two test samples shows no significant
differences, a symbol () is included at the beginning of the corresponding p—
value. In cases where two samples show significant differences, i.e., when the
p—wvalue is less than the significance level of 5%, the p —value is shown with
(4), indicating that the first sample performs better than the second one.
The inclusion of (—) in the p — value means the second sample outperforms
the first. The winning alternatives are highlighted in gray in this table. As a
supplement to Table 7, Table 8 summarizes each alternative’s wins obtained
in the Wilcoxon tests, and the best one is indicated in gray. Additionally,
the best and worst closed-loop behavior of the proposed AMCT-PR and the
compared adaptive methods for controller tuning are presented in Figures 5
and 6.

In the following subsections, the comparative results of the proposal with
other previously mentioned AMCT strategies are discussed to highlight the
advantages and limitations of the proposed tuning strategy for each aspect.

4.2.1. Comparing the proposal with the AMCT with filters

It is interesting to examine the advantages of the proposed AMCT-PR,
which derive from its mechanism for identifying the most suitable region
of solutions: incorporating the dynamic memory-based niche identification
mechanism into the optimizer and addressing special dynamic constraints
in robust identification and prediction problems. In the first instance, the
comparison is with respect to CATSCG (R).

Thus, the performance obtained from 30 runs of AMCT-PR is compared
with that achieved from 30 runs of CATSCG (R). This comparison evalu-
ates the proposal against a similar state-of-the-art approach that solves the
same optimization problems without incorporating the DMNI mechanism in
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the optimizer and the special dynamic constraints to handle design-variable
variations. Instead, CATSCG (R) applies a digital filter [10] at the end of
each optimization process to reduce variations in controller parameters.

Table 6 shows that the average ISE value obtained by AMCT-PR is ap-
proximately 17.33% lower than that of CATSCG (R). On the other hand, al-
though both alternatives exhibit comparable variability, AMCT-PR presents
a lower standard deviation. The results of the Wilcoxon tests in Table 7
confirm that AMCT-PR is significantly better than CATSCG (R).

The best and worst closed-loop behaviors of AMCT-PR and CATSCG (R)
are shown in Figs. 5a) and 5b), and Figs. 6a) and 6b). The figures illustrate
noticeable differences in CATSCG (R) between the velocity profiles from the
best and worst runs. On the other hand, the proposed AMCT-PR shows
more consistent behavior.

The observed performance differences can be associated with two main
design features of AMCT-PR. First, the special dynamic constraints limit
excessive deviations of the design variables from previously optimized values
(beyond 100%) in previous processes, thereby preventing larger oscillations in
the system due to abrupt changes in their values. Additionally, the dynamic
constraints do not excessively condition the design variables as the filter does,
so the variables do not tend to smooth out or become overly similar to their
previous values. This is useful since values that are too far from the previous
ones are not lost but can help compensate for uncertainties or disturbances.

Secondly, using the DMNI mechanism with the K-means++ clustering-
based technique facilitates the exploration and exploitation of design space
regions in the NCODE, capturing characteristics similar to both the best
found in a previous optimization process and its possible evolution during
optimization. The special dynamic constraints and DMNI mechanism yield
solutions that preserve some of the benefits of the previous best alternatives

Table 6: Descriptive statistical performance results over 30 independent runs, including
central tendency and dispersion metrics for all compared tuning methods.

Scheme Mean ISE Std. ISE

AMCT-PR 2.3335 2.0011e-01
CATSCG (R) 2.8228 2.7095¢-01
AMCT-PR (NR) 2.5473 1.8672e-01
AMCT-PR (HDBSCAN)  2.3609 2.2316e-01
RTACG 2.4167 5.0235¢e-03
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Table 7: Wilcoxon pairwise test results over performances of different tuning methods
after 30 independent runs.

Test p — value

AMCT-PR vs CATSCG (R) (+) 1.8626e-08
AMCT-PR vs AMCT-PR (NR) (4) 7.9790e-04
AMCT-PR vs AMCT-PR (HDBSCAN) (=) 5.9781e-01
AMCT-PR vs RTACG (+) 1.9661e-02
CATSCG (R) vs AMCT-PR (NR) (—) 3.4496e-04
CATSCG (R) vs AMCT-PR (HDBSCAN) (—) 1.9912¢-06
CATSCG (R) vs RTACG (—) 2.5518e-07
AMCT-PR (NR) vs AMCT-PR (HDBSCAN) (—) 5.5483e-04
AMCT-PR (NR) vs RTACG (—) 8.7182¢-04
AMCT-PR (HDBSCAN) vs RTACG (~) 9.6102e-02

Table 8: Summary of the Wilcoxon pairwise test results over performances of different
tuning methods after 30 independent runs.
Scheme Wins

AMCT-PR 3
RTACG 2
AMCT-PR (NR) 1
2
0

AMCT-PR (HDBSCAN)
CATSCG (R)

while introducing variations that improve control performance by manag-
ing uncertainties and perturbations. These mechanisms operate within the
limited computational budget imposed by the online framework, enabling
solution updates within the interval At.

4.2.2. Comparing the proposal with the non-robust AMCT

The comparison between the proposed robust approach and its non-robust
counterpart named AMCT-PR (NR) aims to assess whether incorporating
robustness into the identification and predictive optimization problems im-
proves performance under adverse experimental conditions, particularly load
torque variations (77) and other sources of uncertainty and noise.

Across 30 independent runs, Table 6 shows that AMCT-PR outperforms
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AMCT-PR (NR), with an average ISE of the speed regulation task that is
8.39% lower. The superiority of AMCT-PR over AMCT-PR (NR) is con-
firmed by the Wilcoxon test results in Table 7. These results suggest that
incorporating robustness into the identification and predictive optimization
stages yields solutions that are less sensitive to load variations and better
suited for operation under adverse conditions.

It is also observed in Table 6 that the standard deviation of the results
in AMCT-PR is larger than that of AMCT-PR (NR), indicating slightly
higher dispersion across runs. This difference is attributed to the fact that
the optimization problems solved with the non-robust tuning approach are
considerably less complex than those addressed by the robust formulation
(AMCT-PR). Although the same number of objective function evaluations
is performed in both approaches, the additional sensitivity-based terms in the
robust formulation increase the complexity of the optimization landscape, po-
tentially leading to slightly greater variability in the solutions obtained across
independent runs. Although the standard deviation of the proposed AMCT-
PR increases, it outperforms AMCT-PR (NR) according to the Wilcoxon
test. Table 7 also indicates that the results obtained with the non-robust
tuning approach (AMCT-PR (NR)) are statistically similar to those achieved
by the controller tuning method that incorporates robust optimization and
filtering (CATSCG (R)), as no significant differences were detected according
to the Wilcoxon test.

Figs. 5c) and 6¢) show the best and worst performance of AMCT-PR
(NR). In these figures, AMCT-PR (NR) presents a higher error amplitude
when there are load disturbances in the time interval [0.5,2.5] (s) (see equa-
tion (28)), compared to the robust strategies AMCT-PR (Figs. ba) and 6a))
and CATSCG (R) (Figs. 5b) and 6b)), which exhibit smaller error ampli-
tudes during the load disturbance interval.

From the results presented above, it is important to note that the robust-
ness of the proposed AMCT-PR is achieved primarily through the explicit
incorporation of sensitivity minimization into the optimization formulation.
In both the identification and predictive stages, the objective functions in-
clude sensitivity terms with respect to load torque variations, promoting con-
troller parameters that maintain stable closed-loop performance even under
disturbances and parametric uncertainty in the state and sensitivity vectors.
Additionally, the Dynamic Memory-Based Niche Identification mechanism
and the dynamic constraints that regulate the variation of design variables
between consecutive optimization windows prevent abrupt changes in the
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controller gains. These strategies promote smoother evolution of controller
gains, mitigate the closed-loop regulation error commonly observed in adap-
tive tuning approaches, and yield controller gains that are less sensitive to
load variations.

4.2.83. Comparing the proposal with the AMCT-PR based on HDBSCAN

The comparison between the proposed AMCT-PR and its variant using
HDBSCAN as the niching strategy allows evaluation of whether replacing
K-means++ with a density-based clustering mechanism provides a practical
advantage in the adaptive tuning process.

Across 30 independent runs, Table 6 shows that AMCT-PR achieves a
slightly lower average ISE than AMCT-PR (HDBSCAN), with a difference
of approximately 1.16%. However, the Wilcoxon test results in Table 7 in-
dicate that there are no statistically significant differences between the two
approaches. This suggests that the overall closed-loop performance obtained
with either niching strategy is comparable under the experimental conditions
evaluated.

The best and worst closed-loop responses for AMCT-PR and AMCT-PR
(HDBSCAN) are presented in Figs. 5a) and d), and Figs. 6a) and d), re-
spectively. In both cases, the transient and steady-state responses are very
similar. Although slight differences in error amplitude are observed dur-
ing load disturbances, neither strategy shows a clear superiority in handling
abrupt perturbations.

From these results, it can be concluded that replacing K-means++ with
HDBSCAN does not significantly modify the overall control performance.
Both niching mechanisms can identify promising regions in the design space
and promote adaptive gain updates within the limited computational budget.
Therefore, the main advantage of the proposed AMCT-PR lies not only in the
specific clustering algorithm employed but in the integration of the niching
mechanism with the special dynamic constraints and the robust optimization
formulation.

Although both clustering strategies yield statistically comparable control
performance, K-means++ provides a simpler, more transparent mechanism
for identifying promising regions in the design space. In the present low-
dimensional optimization problem, K-means++ provides stable partitioning
with explicit control over the number of clusters, facilitating its integration
into the NCODE framework. Therefore, K-means++ is a suitable and reli-
able choice for the adaptive tuning scheme, while HDBSCAN is a valuable
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alternative, confirming the robustness of the proposed approach.

4.2.4. Comparing the proposal vs a fixed-gain controller tuning

The comparison between AMCT-PR and RTACG allows us to contrast
the adaptive tuning strategy with an optimization-based offline method that
provides fixed controller gains for the control system.

Tables 6-8 show the descriptive and inferential statistics of the 30 inde-
pendent executions of RTACG. The same column organization previously
described is followed. The results indicate that AMCT-PR achieves a lower
average ISE than RTACG, with a relative improvement of approximately
3.44%. In particular, the average ISE value for RTACG ranks second in the
comparisons and indicates that its standard deviation is significantly lower
than those of the other control alternatives. The low standard deviation ob-
served in RTACG is explained by the deterministic behavior of the fixed-gain
PI controller, in which performance variations are primarily due to measure-
ment noise rather than changes in controller parameters.

Figures 5e) and 6e) show the behavior of the best and worst performance
with the RTACG. Here, it can be seen that the PI controller has difficulty
handling load disturbances with the RTACG, i.e., discontinuous perturba-
tions (see the load disturbances in the interval 0.5 (s)-2.5 (s). These obser-
vations suggest that under more persistent load disturbances, a fixed-gain
strategy such as RTACG may exhibit greater performance degradation than
adaptive tuning approaches. Overall, these results emphasize the advantages
of adaptive tuning over fixed-gain optimization when operating under varying
disturbance conditions.

4.2.5. Evolution of the controller parameters

This section analyzes the evolution of the controller parameters under
different tuning approaches, with particular attention to their variability.

Fig. 7 illustrates the dispersion of the optimized proportional and inte-
gral gains in the design variable space during the closed-loop execution of
the median run. Each point represents the gains obtained by the tuning
approach at each tuning time interval At. Since both the robust proposal
AMCT-PR and the non-robust AMCT-PR (NR) rely on the same NCODE
framework, which is based on K-means++ with special dynamic constraints,
the resulting sets of gains exhibit similar dispersion patterns. In the case of
AMCT-PR (HDBSCAN), the gains appear more structurally grouped, with
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Table 9: Descriptive statistics of consecutive gain distance, quantifying gain smoothness
across 30 independent runs.

Scheme Mean k_p Std k_p Var k:_p Mean k; Std k; Var k; | Total Var
AMCT-PR 190.73  1.0272 1.0551 | 157.12 2.1735 4.7243 5.7794
CATSCG (R) 189.72  1.4682 2.1557 | 126.38 2.6632 7.0928 9.2485
AMCT-PR (NR) 188.02  0.9802 0.9608 | 158.46 2.2678 5.1431 6.1039
AMCT-PR (HDBSCAN) 192.05 0.7788 0.6065 | 156.49 2.6347 6.9418 7.5483
RTACG 85.9045 0 0 131.79 0 0 0

fewer intermediate solutions dispersed across the central region of the pa-
rameter space. This behavior may be related to HDBSCAN’s density-based
clustering mechanism, which does not require a predefined number of clus-
ters. It is also observed that the filter mechanism in CATSCG modifies the
distribution and evolution of the computed controller gains.

To further analyze the temporal variation of the controller gains, Fig. 8
shows the design variable vector magnitude during the closed-loop execution
of the median of the 30 runs. To quantitatively assess the variability of
the controller gains across independent executions, a statistical analysis was
performed on the 30 runs obtained for each tuning method. For every run, the
average gains k_p and k; were computed over the entire closed-loop simulation.
This provided 30 representative gain pairs per method. The global mean,
variance, standard deviation, and total variance of the controller gain vector
were then calculated to quantify the dispersion of the optimized controller
parameters across runs. The corresponding results are reported in Table 9.

Table 9 shows that AMCT-PR reduces the dispersion of the controller
gains, as reflected by the lowest total variance across runs, followed by
AMCT-PR (NR), AMCT-PR (HDBSCAN), in that order. The AMCT-PR
(HDBSCAN) variant shows slightly higher dispersion, indicating larger gain
adjustments between consecutive tuning intervals in Fig. 8. The CATSCG
(R) exhibits the largest variation in the controller gains. As expected, the
offine RTACG method yields constant gains, resulting in zero dispersion.
These variations in controller gains are also quantified as the percentage
reduction in gain variability of the comparative approaches relative to the
proposed AMCT-PR method. The corresponding reductions are 37.50%,
23.43%, and 5.31% for CATSCG (R), AMCT-PR (HDBSCAN), and AMCT-
PR (NR), respectively.

It is important to clarify the conceptual difference between CATSCG (R)
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Figure 7: Time evolution of controller gain dispersion for the median-performance run of
each tuning approach, illustrating gain variability throughout the adaptive process.
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and the proposed AMCT-PR. In CATSCG (R), the optimization process is
exclusively directed toward minimizing the objective function. Once the op-
timal design variable vector is obtained, a digital filtering stage is applied
a posteriori to smooth abrupt variations in the controller gains. However,
this filtering mechanism does not explicitly consider the closed-loop perfor-
mance of the filtered gains. In other words, the optimization and filtering
stages are decoupled: the optimizer minimizes the objective function with-
out accounting for the effects of subsequent filtering on the actual system
performance. As a consequence, and as observed in the ISE results reported
in Table 6, the final filtered gains are not necessarily those that best improve
closed-loop behavior, despite also enhancing robustness to load disturbances
in their formulation.

In contrast, AMCT-PR addresses the gain selection problem in an inte-
grated manner. By incorporating the proposed special dynamic constraints
directly into the dynamic optimization problems, together with the Niching
Chaotic Online Differential Evolution (NCODE) and the DMNI mechanism
employed to solve them, the method promotes the selection of the most suit-
able gain vector within promising regions of the search space. In this control
tuning, the dynamic constraints regulate the admissible gain variations dur-
ing the optimization process, rather than modifying the solution afterward,
as in the filtering mechanism. Moreover, the inclusion of sensitivity-based
robust terms in the identification and predictive objective functions explicitly
drives the optimizer toward gain configurations that reduce the closed-loop
system’s sensitivity to load variations. Consequently, this unified formulation
allows AMCT-PR to simultaneously improve control performance, enforce
smooth gain evolution within the optimization loop, and enhance robustness
against disturbances.

4.3. Limitations and practical considerations

The results demonstrate that the proposed AMCT-PR improves closed-
loop performance while promoting smooth controller-gain evolution and ro-
bustness to load disturbances by incorporating realistic conditions, includ-
ing measurement noise, time-varying parametric uncertainties, and actuator
saturation limits. Nevertheless, the proposed framework assumes that a rea-
sonably accurate dynamic model of the plant can be obtained to support
the identification and predictive stages. So, the efficiency of the proposed
approach relies on the availability of such a model, since both the identifi-
cation and predictive stages require solving the system differential equations
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during the optimization process. Consequently, the applicability of the pro-
posed framework may be limited in systems where the dynamics are poorly
known or difficult to model, potentially degrading the predictive stage’s per-
formance and leading to suboptimal controller updates. In such cases, the
niche identification performed by the DMNI mechanism may become less re-
liable, since the promising regions are defined relative to solutions obtained
from an inaccurate model, potentially increasing gain variability and reduc-
ing the consistency of closed-loop performance.

On the other hand, the computational cost is directly influenced by
the numerical integration of the system dynamics and sensitivity equations
within each optimization iteration. As described in Section 3.2, the compu-
tational burden increases proportionally with the number of discretization
points and the prediction horizon, since the system dynamics must be eval-
uated at each step of the optimization process. In this work, it is assumed
that the available computational capacity is sufficient to handle this process,
a condition that is increasingly feasible given current technological advances
in computing hardware. However, this assumption may not always hold in
practice, and the resulting computational demand may limit real-time appli-
cability in systems with fast dynamics or limited computational resources.
Among the possible strategies to improve computational efficiency, paral-
lelization of function evaluations is particularly promising for the proposed
framework, since the population-based structure of DE allows independent
evaluation of individuals across time windows.

To mitigate these limitations, future work may explore data-driven or
surrogate modeling as complementary alternatives to physics-based models,
particularly in scenarios where explicit system identification is impractical.
The choice among these approaches should be guided by the trade-off among
model fidelity, data availability, and computational cost [80]. Regarding com-
putational efficiency, additional improvements can be achieved through re-
duced population size, adaptive prediction horizons, and more efficient nu-
merical solvers.

5. Conclusions and future work

This paper presents the Adaptive Method for Controller Tuning based
on Promising Regions (AMCT-PR), which synergistically incorporates an
unsupervised learning-based convergence enhancement mechanism (DMNT)
into the differential evolution’s variation operator and dynamic constraints
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to improve the explorative-exploitative capability in promising regions of the
search space. This approach encourages more efficient and reliable controller
tuning, thereby improving closed-loop performance. The proposed AMCT-
PR is applied to the BLDC motor PI controller to account for the perfor-
mance function’s sensitivity to load variations during the identification and
prediction stages.

The inferential statistics show that the proposed AMCT-PR outperforms
the three comparative control tuning approaches across 30 executions. In
particular, the proposed method evidences an improvement of up to 17.33%
in the mean ISE control performance index for the speed regulation task.
The proposal can also efficiently obtain solutions in promising regions of the
search space without requiring a filtering process on the design variables at
the end of the optimization. The convergence of the solution toward the
most promising regions, driven by the DMNI mechanism and the dynamic
constraints, allows the controller gains to evolve smoothly while preserv-
ing suitable closed-loop performance. In particular, the proposal reduces
the variation in controller gains by up to 37.5% compared with state-of-the-
art controller tuning approaches. Moreover, the proposed method improves
handling of load uncertainties (discontinuous perturbations) by incorporat-
ing sensitivity-based terms into the performance function. Therefore, the
AMCT-PR achieves a balanced trade-off between adaptability and smooth
evolution of gains, ensuring reliable online controller tuning in multi-modal
and dynamically changing optimization landscapes. Consequently, the ob-
tained controller gains exhibit improved robustness against load disturbances,
contributing to more consistent closed-loop performance under varying op-
erating conditions.

On the other hand, although the proposed method is evaluated on the PI
speed controller of a BLDC motor, the AMCT-PR can be extended to other
nonlinear dynamic systems and other controller structures, provided that the
mathematical model of the plant dynamics is available.

Future work involves the application of the AMCT-PR on a testbed plat-
form. This may be considered experimental validation on physical BLDC
platforms and other classes of electric drives to assess robustness under real
measurement noise, actuator saturation, and hardware limitations. Another
direction for future research is to extend the proposed AMCT-PR framework
into a preference-driven multiobjective dynamic optimization formulation, in
which interactive or learning-based preference-handling approaches may be
incorporated to infer priority structures from historical performance. This
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would provide a structured and decision-oriented mechanism for selecting
solutions in the multimodal and time-varying search landscape.
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