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ABSTRACT
Adaptive controller tuning via metaheuristic optimization provides robust com-
pensation against parametric uncertainties and external disturbances, but its
high computational cost limits its practical applicability in fast-dynamic systems.
This work proposes an experimentally validated surrogate-assisted framework for
metaheuristic-based indirect adaptive controller tuning, reducing computational
cost while maintaining effective control performance. The methodology adopts a
surrogate-assisted integration framework that enables the interchangeability and
comparison of surrogate-model strategies. In this work, experimental validation is
performed on a Brushless Direct Current motor using three surrogate model tech-
niques: Response Surface Method (RSM), Radial Basis Function (RBF), and Gaus-
sian Process Regression (GPR). A statistical comparative analysis across experi-
ments of increasing complexity evaluates trade-offs between control performance and
computational cost relative to a conventional metaheuristic-based tuning strategy.
Results confirm computational savings without degrading closed-loop performance.
In particular, the RSM variant achieved up to a 43-fold reduction in computational
burden, while the RBF variant delivered superior dynamic performance. The re-
sults demonstrate the interchangeability of the evaluated surrogate-model strategies
within the proposed framework and highlight the practical trade-offs associated with
their selection in fast-response adaptive control tuning

KEYWORDS
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1. Introduction

A significant concern in modern mechatronic systems is their ability to cope with
adverse conditions through an appropriate control strategy. In some cases, these con-
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ditions can be anticipated during the design phase by considering typically overlooked
interactions, such as component friction or variable loads. However, a much larger
set of adverse conditions remains unpredictable, including parametric uncertainties
and external disturbances (Bolton 2003). Regardless of the control strategy employed,
performance depends primarily on fine-tuning the controller’s parameters. One of the
most comprehensive classifications of controller tuning strategies divides them into
four main categories (Reynoso-Meza et al. 2014; Rodŕıguez-Molina et al. 2020).

The first category is analytical tuning, which utilizes the system model’s dynam-
ics. Through mathematical analysis, such as the root locus method (Alyoussef and
Kaya 2023) or Lyapunov stability analysis (Zaki, Rashid, and Masud 2024), the con-
troller is tuned before system operation. The second category is heuristic tuning, in
which experience-based rules estimate controller parameters prior to execution based
on the system’s behavior, as in the Ziegler-Nichols or Cohen-Coon methods (Ziegler
and Nichols 1942; Cohen and Coon 1953). The primary limitation of both analytical
and heuristic approaches is their heavy reliance on the completeness of the dynamic
model, making them susceptible to unmodeled adverse conditions. Moreover, they do
not guarantee a desired performance level, and parameter computation can become
overly complex.

The third category corresponds to the optimally offline controller tuning approach
(OOCTA), in which the tuning process is formulated as an optimization problem and
solved prior to execution (Paredes-Ballesteros et al. 2025). Although OOCTA still
relies on an accurate dynamic model, it offers performance guarantees. Nonetheless,
since the controller parameters remain fixed during operation, their adaptability to
unforeseen adverse conditions is inherently limited.

The fourth approach corresponds to adaptive tuning (Landau et al. 2011), where
the controller parameters are updated iteratively during system execution. This ap-
proach is further divided into direct adaptive and indirect adaptive strategies. In direct
adaptive tuning, a fixed reference model is employed to measure the discrepancy be-
tween the system response and the model, adjusting only the controller parameters
accordingly (Zhu, Gao, and Huang 2022; Aliman et al. 2022). In contrast, the indi-
rect adaptive controller tuning approach (IACTA) updates both the reference model
and the controller parameters during system operation, making it one of the most
effective tools for handling adverse conditions (Rojas-López, Villarreal-Cervantes, and
Rodŕıguez-Molina 2023). However, IACTA has the significant drawback of a high com-
putational burden, limiting its experimental use to relatively simple systems, such as
those with a low number of states or slow dynamic responses.

In recent years, pattern recognition techniques have been introduced to mitigate
IACTA’s computational cost. These methods employ real-time system data to itera-
tively construct a surrogate model (SM) that demands considerably less computational
effort than the actual dynamic model. Beyond reducing computational cost, the effec-
tiveness of a surrogate model in adaptive controller tuning strategies relies primarily
on its capability to reproduce the system’s behavior. Consider Fig. 1 as an example,
where the system output y is controlled to follow a reference value. When adverse
conditions, such as parametric uncertainties or external disturbances, affect the sys-
tem, adaptive controller tuning seeks to determine new controller parameters that
compensate for their effects and maintain the desired control performance. The surro-
gate model can be leveraged for this purpose by collecting and reproducing multiple
samples over an identification time window Iw to characterize the system behavior
under such conditions. Fig. 1 depicts different surrogate models that attempt to repli-
cate the real system during the identification time window Iw, rather than the full,
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costly, explicit dynamic model, which may be computationally expensive or even un-
available. Notably, each surrogate model is based on different modeling paradigms
(Jin 2011), including geometric or interpolation-based methods (e.g., RSM and RBF),
statistical or probabilistic techniques (e.g., GPR), logical approximations (e.g., deci-
sion trees), and connectionist approaches (e.g., ANN) (Jiang, Zhou, and Shao 2020;
Forrester, Sóbester, and Keane 2008), which generate distinct approximations. As a
consequence, their ability to capture the relevant system dynamics, maintain control
performance, and reduce computational burden may differ substantially, highlighting
the importance of systematically analyzing and comparing different surrogate-model
families within adaptive controller tuning frameworks.
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Figure 1.: Surrogate models tracking the system response during a disturbance.

For instance, (Šafarič et al. 2020) utilizes a single-layer artificial neural network
(ANN) to build a SM of a one-degree-of-freedom mass-spring robotic system. The ap-
proach is compared against a proportional-integral (PI) controller tuned via OOCTA
using different evolutionary algorithms (EAs). Although the results are encouraging,
the study focuses solely on reducing the computational burden associated with EAs
rather than assessing the broader impact of surrogate modeling on IACTA perfor-
mance. Without comparisons against other IACTA approaches or surrogate modeling
techniques, the extent to which the ANN-based surrogate model reduces computa-
tional cost remains uncertain.

One of the most widely used surrogate models (SMs) in adaptive controller tuning
is Gaussian process regression (GPR). Numerous studies combine GPR with Bayesian
optimization (BO) for adaptive tuning, primarily because of their natural synergy and
the premise that BO requires fewer function evaluations than traditional evolutionary
algorithms (EAs). However, (Lan et al. 2022) highlights that, beyond the number of
function evaluations, other factors, such as the complexity of the objective function,
also significantly affect the convergence speed of optimization algorithms.

A particularly active research area that combines GPR and BO is physical human-
robot interaction (pHRI), where the unpredictability of human behavior presents a
significant challenge. Examples include (Roveda, Forgione, and Piga 2020a,b), where
the parameters of a Cartesian impedance controller for a seven-degrees-of-freedom
redundant robot manipulator are adaptively tuned. Similarly, (Tesfazgi et al. 2023)
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applies this combination to adaptively tune a mixed proportional-derivative and com-
puted torque controller (PD and CTC) for a two-degrees-of-freedom robot. Another
instance is (Almasalmah et al. 2024), where a model predictive controller (MPC) is
adaptively tuned using BO and GPR in a haptic system. While these contributions
report promising results, their scope is limited to variations in the optimization al-
gorithm, primarily comparing BO with its variants or traditional OOCTA strategies,
without exploring alternative SMs or explicitly evaluating the computational load.

Beyond pHRI applications, the GPR and BO combination has also been employed in
complex industrial processes. For example, (Chen and Cheng 2021) presents an online
tuning approach for the controller of an ABB IRB140 robot in tight-tolerance peg-in-
hole and torque converter assembly tasks. Additionally, SMs, particularly GPR, have
been applied in industrial scenarios where the dynamic model is either unknown or
too complex to be practically feasible. Representative cases include (Lu et al. 2021; Xu
et al. 2024; Cho, Shao, and Mesbah 2024), where controllers for heating, ventilation,
and air conditioning systems, building thermal processes, and plasma-assisted thin-film
deposition are adaptively tuned. Further examples can be found in (Zhang et al. 2024;
Qiu et al. 2025), where controllers for chemical continuous stirred tank reactors are
adaptively tuned. Notably, these contributions continue to focus solely on comparisons
between BO and its variants or conventional OOCTA strategies, without exploring
alternative SMs or quantifying the impact on computational burden.

It is also important to note that GPR is not exclusively coupled with BO, but
has also been combined with evolutionary algorithms. For instance, in (Chen et al.
2024), GPR is used alongside the non-dominated sorting genetic algorithm II (NSGA-
II) for the adaptive tuning of a PD controller in a three-degrees-of-freedom system.
However, this work again limits its scope to comparisons with impedance controllers
tuned via conventional OOCTA, without considering alternative SMs or analyzing
computational cost reductions.

Nonetheless, GPR is not the only SM employed in adaptive controller tuning
problems. Radial basis function (RBF) strategies have also shown promising results,
particularly in pHRI applications. For example, (Roveda et al. 2023a,b; Maccarini
et al. 2022; Franceschi et al. 2023) implement RBFs combined with game theory
and preference-based optimization algorithms to adaptively tune the parameters of
a Cartesian impedance controller for a seven-degrees-of-freedom redundant robot ma-
nipulator. However, these studies remain limited to comparisons with conventional
OOCTA strategies and do not assess RBF’s ability to reduce computational load or
benchmark it against other SMs.

It is also noteworthy that both GPR- and RBF-based contributions tend to classify
system complexity mainly by the number of states or degrees of freedom. Yet, other
factors, such as the system’s response time, significantly influence complexity, espe-
cially in adaptive controller tuning problems, where the adaptation mechanism must
operate rapidly enough to compensate for adverse conditions during fast dynamic
transitions (Lishchenko, Gushchin, and Larshin 2024).

Another widely used SM in adaptive controller tuning problems is the response
surface method (RSM), which employs multivariate, multitarget polynomial regres-
sion. Previous applications of the RSM, conducted by the authors of the present work,
are reported in a simulation environment in (Rojas-López, Villarreal-Cervantes, and
Rodŕıguez-Molina 2024; Rodŕıguez-Molina et al. 2024; Rojas-López et al. 2024a,b,
2025). The RSM is combined with evolutionary algorithms (EAs) for the adaptive
tuning of controller parameters in a brushless direct current (BLDC) motor, a two-
degrees-of-freedom mechanism, an omnidirectional mobile robot, and a three-degrees-
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of-freedom planar serial robot, respectively. Notably, in (Rojas-López, Villarreal-
Cervantes, and Rodŕıguez-Molina 2024), an in-depth analysis is conducted by varying
the degree of the polynomial regression and testing different EAs (Differential Evolu-
tion, Genetic Algorithm, and Particle Swarm Optimization) at each evaluated degree.
The results showed that changing the degree of the polynomial regression has a greater
effect on the control system’s performance than the EA implemented. This suggests
that selecting the surrogate model is more important than selecting the optimization
algorithm, limiting the choice of optimizer mainly to existing computational capabili-
ties. Despite these contributions, these works may exhibit limited scalability, as a large
number of samples are required to accurately estimate the response surface, thereby
increasing computational cost and reducing efficiency in real-time scenarios.

These studies provide prior evidence that surrogate-based adaptive controller tuning
can be formulated across different mechatronic systems while preserving the general
surrogate-assisted optimization concept. They also illustrate that surrogate models
have been successfully combined with different optimization strategies, indicating that
surrogate-assisted tuning is not intrinsically restricted to a single optimization algo-
rithm. However, these studies do not establish that different surrogate-model families
can be systematically interchanged and compared within a common experimental tun-
ing framework It is important to note that the aforementioned studies employing ANN,
GPR, RBF, or RSM approaches for adaptive controller tuning are generally tailored to
specific systems or applications, with each surrogate-model family being treated as an
independent, standalone solution governed by its own modeling assumptions and op-
erational principles. Consequently, there remains a need for a systematic methodology
that facilitates the integration and comparative evaluation of different surrogate-model
families within a common adaptive controller tuning framework. This need hinders the
establishment of comparable and reproducible evaluation procedures across different
surrogate-model families, despite the fact that they may exhibit heterogeneous mod-
eling behaviors and distinct strengths and limitations arising from their underlying
assumptions regarding function approximation and uncertainty representation.

Beyond these methodological limitations, the reported contributions tend to em-
phasize different aspects depending on the particular experimental conditions and
SM employed, which limits a comprehensive understanding of the practical impli-
cations and trade-offs associated with surrogate-model selection in indirect adaptive
controller tuning problems. Moreover, the associated computational cost is either not
systematically analyzed or simply assumed to be fulfilled within the adaptive cycle
of the closed-loop system, often without thorough validation. Previous studies have
also mainly overlooked high-speed systems in their experimental validations, applying
their approaches primarily to slow-dynamic processes or relying solely on simulation-
based evidence. Consequently, due to the lack of a common methodology, systematic
comparison, computational-cost validation, and experimental evidence on high-speed
systems, the practical applicability of these approaches to real-world scenarios, where
response time is a critical factor in system variability, remains unclear.

1.1. Contributions

Considering the context in the previous section, this work addresses existing knowledge
gaps in the need for a formal methodology to implement diverse surrogate models into
metaheuristic-based indirect adaptive controller tuning problems, the experimental
validation of the methodology in fast-response mechatronic systems, and the absence
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of systematic comparative analyses among different surrogate models (SMs) within
a common surrogate-based control tuning framework. Based on these gaps, the main
contributions of this paper are summarized as follows:

• An experimentally validated surrogate-assisted online optimization methodology
for metaheuristic-based indirect adaptive controller tuning, formulated to accom-
modate alternative surrogate-model strategies within a common identification-
prediction-tuning framework.
• A detailed analysis of the characteristics, limitations, and implementation con-
siderations of the proposed methodology, covering three SM techniques: response
surface method (RSM), radial basis function (RBF), and Gaussian process re-
gression (GPR).
• A statistical analysis across three experiments of increasing complexity on a
brushless direct current (BLDC) motor under identical conditions quantifying
the trade-offs between control performance and computational cost, providing
practical guidelines for surrogate-model selection in the tested application.

The proposed framework uses a two-level structure: the first level builds a sur-
rogate model of the plant, and the second uses it to optimally tune the controller
online. The formulation separates the surrogate-model strategy from the general iden-
tification, prediction, and controller-tuning procedures, allowing alternative surrogate-
model techniques to be incorporated within the same framework. By keeping the plant,
controller structure, optimization algorithm, and hardware platform fixed, the experi-
mental design isolates the effect of surrogate-model selection on computational burden
and closed-loop performance. Experimental results on a BLDC motor demonstrate the
real-time feasibility of the methodology and show a reduced computational burden
compared with explicit dynamic model-based adaptive tuning. To the best of the au-
thors’ knowledge, experimental studies systematically comparing multiple surrogate-
model families within a common online adaptive controller-tuning framework remain
scarce. The present work contributes to the literature by providing a controlled ex-
perimental benchmark of three representative surrogate-model families (RSM, RBF,
and GPR) on a BLDC motor platform. The results therefore provide experimental
evidence of surrogate-model interchangeability within the tested BLDC motor tuning
framework.

1.2. Structure of the Work

The remainder of this document is structured as follows. Section 2 introduces the pro-
posed surrogate-model-based indirect adaptive controller tuning approach, detailing
its main characteristics and implementation considerations, along with three vari-
ants corresponding to different surrogate models. Section 3 describes the case study,
which involves a real-world fast-response system, specifically a brushless direct cur-
rent (BLDC) motor. Section 4 presents the experimental results obtained from three
experiments of increasing complexity, along with a statistical analysis that highlights
the advantages of the proposed methodology. Finally, Section 5 summarizes the main
conclusions, highlights key findings, and outlines potential future research directions.
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2. Surrogate-model-based indirect adaptive controller tuning proposal

To better illustrate the operation of surrogate models within indirect adaptive con-
troller tuning strategies, Fig. 2 is provided. The red blocks represent a traditional
closed-loop controller operating at a fixed sampling frequency with a sampling pe-
riod δtl. This configuration is common in various control strategies, where the system
outputs are measured and compared to a reference value for regulation or tracking pur-
poses. The main concept of surrogate-model-based indirect adaptive controller tuning
approaches (SIACTAs) is the inclusion of a parallel loop, where information is continu-
ously stored in a dataset. A pattern recognition technique utilizes this data to construct
a surrogate model that replicates the system’s behavior. This surrogate model is then
used in a prediction stage, where simulations are performed to determine the new op-
timal controller parameter vector kkk∗. Both stages operate at a fixed update frequency
defined by the update period ∆TU.

kkk∗

Sampling frequency = 1
δtl

Update frequency = 1
∆TU

Adjustable
Controller

System

Disturbance

Ref.

Surrogate-assisted
prediction stage

Surrogate-based
identification stage

Dataset

sbδtl

uuu(t) yyy(t)

Figure 2.: SIACTA implementation scheme.

Fig. 3 is provided to show the time-based operation of SIACTA. Consider that the
system’s information (states, outputs, and control signals) is sampled at a period δtl
seconds. When the current time tc reaches the beginning of an update period ∆TU, the
stored information collected during an identification time window Iw = [tc− sbδtl, tc],
which includes sb backward steps up to the latest sample, is employed to construct a
surrogate model. This surrogate model is then used to simulate the system’s behavior
over a prediction time window Pw = [tc, tc + sfδtl], which spans sf forward steps from
the current time. Using these predictions, a new controller parameter vector is deter-
mined to improve the target performance criterion. This process is repeated iteratively
every ∆TU, where each Iw captures updated system information and each Pw iden-
tifies controller parameters to compensate for adverse conditions, such as parametric
uncertainties or external disturbances.

2.1. Surrogate-model-based Identification Stage

Let (1) represent the system’s dynamic model, where xxx ∈ Rnx , yyy ∈ Rny , and uuu ∈ Rnu

denote the state, output, and control signal vectors, respectively, with dimensions nx,
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Figure 3.: SIACTA operation over time.

ny, and nu. Additionally, C ∈ Rny×nx is the matrix that relates the system states to
its outputs, under the assumption that the full system information is measurable, and
the time relationship yyy(t+ 1) =

∫
ẋxx(t) dt holds.

ẋxx = f(xxx,uuu)

yyy = Cxxx
(1)

This time-based relationship is leveraged to construct a dataset, as shown in Table
1. This dataset contains all the information corresponding to the identification time
window Iw. On the one hand, ỹyyl ∈ Rny , ∀ l ∈ 1, . . . , sb, represents the l-th target
vector, which contains the system’s output vector sampled at tc − lδtl. On the other
hand, x̃xxl ∈ Rnx+ny denotes the feature vector, which includes the corresponding system
states and control signals at each sampling instant within Iw.

Table 1.: Dataset creation example.

Target vectors Feature vectors

ỹyy1 = yyy(tc − δtl) x̃xx1 = [xxx(tc − δtl)
⊤,uuu(tc − δtl)

⊤]⊤

...
...

ỹyyl = yyy(tc − lδtl) x̃xxl = [xxx(tc − lδtl)
⊤,uuu(tc − lδtl)

⊤]⊤

...
...

ỹyysb = yyy(tc − sbδtl) x̃xxsb = [xxx(tc − sbδtl)
⊤,uuu(tc − sbδtl)

⊤]⊤

Using the information contained in this dataset, different surrogate modeling strate-
gies based on supervised machine learning formulation for continuous-variable regres-
sion (or continuous mappings) can be applied, given their similar properties (Forrester,
Sóbester, and Keane 2008). The following subsections describe the surrogate modeling
strategies implemented throughout this work: Response Surface Method, Radial Basis
Functions, and Gaussian Process Regression. Notably, these strategies are selected for
their popularity in the literature and their rapid response. Consequently, more time-
consuming approaches are not considered due to the fast-response requirements of the
case study presented in Section 3. It is essential to note that these strategies share
certain standard features and, consequently, use similar nomenclature. However, some
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variables may differ in dimensionality, ranging from vectors to matrices. A summary
of the main characteristics, underlying assumptions, and specific requirements of each
strategy is provided at the end of this section.

2.1.1. Response Surface Method

The first SM strategy is the Response Surface Method (RSM), which is selected for
its geometric interpolation principles. Owing to its simplicity, RSM often serves as
a baseline or is integrated within other SMs approaches (Myers, Montgomery, and
Anderson-Cook 2016). Its polynomial formulations also allow fast evaluation, making
it particularly suitable for real-time adaptive control applications. The RSM approxi-
mates the system’s dynamic model (1) using a multivariate, multi-target polynomial
function (Myers et al. 2012; Chelladurai et al. 2021; Khuri and Mukhopadhyay 2010).
Before detailing the RSM operational procedure, it is important to note that prior work
(Rojas-López, Villarreal-Cervantes, and Rodŕıguez-Molina 2024; Rodŕıguez-Molina
et al. 2024) has evaluated multiple polynomial degrees, concluding that a second-degree
polynomial yields the best performance for SIACTA problems. This is attributed to
the inherent mathematical relationship between polynomial degrees, which depends
on whether the degree is even or odd (Stewart, Clegg, and Watson 2020; Borwein
and Erdélyi 1995). Consequently, the present work adopts a second-degree polynomial
formulation to describe and implement the RSM.

The approximation of the identification time window Iw information to a second-
degree polynomial is performed according to (2), where ỹl,k denotes the k-th element,
∀ k ∈ {1, . . . , ny}, of the l-th target vector, which is approximated through a second-
degree polynomial. In this formulation, the first-degree terms consider each element
of the l-th feature vector independently, i.e., x̃l,1 + · · · + x̃l,i + · · · + x̃l,nx+nu

, ∀ i ∈
{1, . . . , nx+nu}. In contrast, the second-degree terms include all possible permutations
involving the products of elements within the l-th feature vector, namely, x̃l,1x̃l,1 +
· · · + x̃l,ix̃l,j + · · · + x̃l,nx+nu

x̃l,nx+nu
, ∀ i, j ∈ {1, . . . , nx + nu}. Each polynomial term

is associated with its corresponding β coefficient.

ỹl,k = β0,k
bias

+

nx+nu∑
i=1

βi,kx̃l,i

1st degree terms

+

nx+nu∑
i=1

nx+nu∑
j≥i

βi,j,kx̃l,ix̃l,j

2nd degree terms

(2)

For simplicity, the polynomial expression can be rewritten in matrix form as shown
in (3), which consists of the following components:

• The target matrixY ∈ Rsb×ny contains the output information of the real system
collected within the identification time window.
• The feature matrix X ∈ Rsb×ν includes the corresponding system state
and control signal information. Each row of X is composed of the unit
element and variables that multiply the β coefficients, corresponding to
the bias, first-degree, and second-degree terms and expressed as xxx =
[1, 1st-degree terms, 2nd-degree terms]⊤ ∈ Rν . The total number of terms
in the second-degree polynomial (including the bias) is calculated as ν =
(nx+nu+1)(nx+nu+2)

2 .

• The coefficient matrix βββ ∈ Rν×ny containsthe coefficients associated with the
second-degree polynomials. For instance, the related coefficient vector for the
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first polynomial (2) is grouped as βββ0 ∈ Rν .


ỹyy⊤1
...

ỹyy⊤l
...

ỹyy⊤sb

 =


xxx1

⊤

...
xxxl

⊤

...
xxxsb

⊤


[
βββ0, . . . ,βββny

]

≜ Y = Xβββ

(3)

Since the target matrix Y and the feature matrix X contain data sampled directly
from the system, the surrogate model can approximate the system’s dynamic model
(1) solely through the computation of the optimal coefficient matrix. This is obtained

using the Moore-Penrose pseudo-inverse, expressed as βββ
∗
= (X

⊤
X)−1X

⊤
Y. Once the

optimal coefficient matrix βββ
∗
is computed, the final RSM-based surrogate model is

defined as in (4), where ŷyy ∈ Rny and x̂xx ∈ Rν represent the surrogate target and feature
vectors, respectively. It is important to note that the surrogate feature vector x̂xx is
constructed following the second-degree polynomial formulation, similarly to xxx.

ŷyy⊤ = x̂xx⊤βββ
∗

(4)

2.1.2. Radial Basis Function

The second surrogate modeling strategy examined is the Radial Basis Function (RBF),
widely regarded as one of the simplest kernel-based extensions of geometric interpola-
tion methods (Buhmann 2000). The use of a “kernel” provides adaptability and flexi-
bility to the regression process, enabling the representation of nonlinear relationships
while maintaining analytical simplicity. Nevertheless, kernel computation increases the
computational load of the regression process and depends critically on the correct se-
lection and parameterization of the kernel (Bishop and Nasrabadi 2006). Specifically,
RBF utilizes an unbiased first-degree polynomial (Jiang, Zhou, and Shao 2020). It
is worth noting that, in applications outside the SIACTA framework, extensions to
higher-degree biased polynomials have been proposed; however, such extensions sig-
nificantly increase the computational burden. The RBF approach is applied to the
information collected during the identification time window Iw, as described in (5),
where ỹl,k denotes the k-th element, ∀ k ∈ 1, . . . , ny, of the l-th target vector, approx-
imated through a first-degree polynomial. Each term of this polynomial is computed
based on all possible sb combinations of feature vectors from the Iw dataset, through
a distance-dependent function ϕj,i(x̃xxj , x̃xxi) between the x̃xxi feature vector and the fixed
x̃xxj vector, ∀ i, j ∈ 1, . . . , sb. Additionally, ωk,i denotes the coefficient that relates the
respective i-th polynomial term to the k-th element of the target vector.

ỹl,k =

sb∑
i=1

ωk,iϕj,i(x̃xxj , x̃xxi) (5)
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Expressing this formulation in matrix form results in (6), which consists of the
following components:

• The target matrix Y ∈ Rsb×ny contains the output information of the real sys-
tem, obtained within the identification time window.
• The feature matrix ΦΦΦ ∈ Rsb×sb includes the corresponding system states and

control signal information, structured through all possible pairwise combinations
of feature vectors from the Iw dataset. In this work, a normalized Gaussian radial
basis function, as defined in (7), is employed as the distance-dependent function,
where γ ∈ (0,∞) ⊂ R represents the scale factor influencing the dispersion of the
function. It is important to note that, unlike RSM, the RBF modeling strategy
uses feature vectors without additional polynomial expansions, resulting in a
vector length of ν = nx + nu.
• The coefficient matrix ΩΩΩ ∈ Rsb×ny contains the coefficients corresponding to the

first-degree polynomials. For instance, the related coefficient vector for the first
polynomial (5) is grouped as ωωω1 ∈ Rν .



ỹyy⊤1
...

ỹyy⊤l
...

ỹyy⊤sb


=


ϕ1,1(x̃xx1, x̃xx1) . . . ϕ1,sb (x̃xx1, x̃xxsb )

... ϕl,l(x̃xxl, x̃xxl)
...

ϕsb,1(x̃xxsb , x̃xx1) . . . ϕsb,sb (x̃xxsb , x̃xxsb )

 [
ωωω1, . . . ,ωωωny

]

≜ Y = ΦΦΦΩΩΩ

(6)

ϕj,i(x̃xxj , x̃xxi) =

(
1

(2πγ2)ν/2

)
e−

∥x̃xxj−x̃xxi∥2

γ2 (7)

Similarly, the RBF surrogate model approximates the system’s dynamic model by
computing its optimal coefficient matrix. Since the RBF feature matrix is square, the

optimal coefficient matrix is obtained through a direct inverse, given by ΩΩΩ∗ = ΦΦΦ
−1

Ỹ.
Subsequently, the final RBF surrogate model is expressed as in (8), where ŷyy ∈ Rny

denotes the surrogate target vector. This result is obtained from the surrogate distance-

dependent function vector ϕ̂ϕϕ = [ϕ1(x̂xx, x̃xx1), . . . , ϕsb(x̂xx, x̃xxsb)]
⊤ ∈ Rsb , which is computed

by evaluating the distances between the sb feature vectors from the identification
dataset and the new surrogate feature vector x̂xx ∈ Rν .

ŷyy⊤ = ϕ̂ϕϕ
⊤
ΩΩΩ∗ (8)

2.1.3. Gaussian Process Regression

The third SM strategy tested is Gaussian Process Regression (GPR), which leverages
probabilistic principles to model system behavior and uncertainties (Williams and
Rasmussen 2006). GPR provides a flexible, non-parametric regression framework that
offers not only predictions but also uncertainty estimates, making it particularly suit-
able for data-driven approximation and, hence, adaptive control applications. However,
its computational cost can increase with data size. The GPR uses the information in
the Iw dataset as probabilistic data within a Gaussian-distribution framework (Ebden

11



2015; Schulz, Speekenbrink, and Krause 2018). This approach begins by computing
the Gram matrix K ∈ Rsb×sb , as defined in (9), where each term ϕj,i(x̃xxj , x̃xxi) is calcu-
lated using a Gaussian distribution-based function. To ensure consistency and enable
a fair comparison, this work employs the same formulation as in (7). Consequently,
the Gram matrix in GPR is equivalent to the feature matrix used in RBF. The key
distinction lies in their interpretation: in GPR, the matrix is regarded as representing
covariance information, whereas in RBF, it captures geometrical relationships between
feature vectors.

K =

 ϕ1,1(x̃xx1, x̃xx1) . . . ϕ1,sb(x̃xx1, x̃xxsb)
... ϕl,l(x̃xxl, x̃xxl)

...
ϕsb,1(x̃xxsb , x̃xx1) . . . ϕsb,sb(x̃xxsb , x̃xxsb)

 (9)

Once the Gram matrix is computed, the GPR strategy approximates each element
ŷk, ∀ k ∈ 1, . . . , ny, of the surrogate target vector ŷyy as defined in (10), where the pre-
dicted value is obtained within a Gaussian distribution, characterized by a predictive
mean µk (11) and a predictive variance σ2 (12). To compute these predictive quanti-
ties, GPR requires the covariance vector between the surrogate feature vector x̂xx and
each of the sb feature vectors, given by kkk∗ = [ϕ(x̂xx, x̃xx1), . . . , ϕ(x̂xx, x̃xxsb)]

⊤ ∈ Rsb , along
with the self-covariance k∗∗ = ϕ(x̂xx, x̂xx). Notably, the predictive mean µk is computed
using all the information gathered within Iw, specifically related to the k-th element of
the dataset’s target vector, i.e., y̌yyk = [ỹ1,k, . . . , ỹl,k, . . . , ỹsb,k]

⊤ ∈ Rsb . Remarkably, this
approach can be extended to use multiple surrogate input vectors to predict multiple
values of the ŷk surrogate output. Nonetheless, in a dynamic system, the temporal
relationship between the system’s inputs and outputs limits the GPR strategy to a
single prediction at a time. It is noteworthy that the surrogate feature vector x̂xx ∈ Rν

(with ν = nx+nu) is used to predict all the k-th ∀ k ∈ {1, . . . , ny} elements of the sur-
rogate target vector ŷyy ∈ Rny . This characteristic makes it only necessary to compute
each predictive µk till the surrogate output vector ŷyy is completed.

ŷk ∼ N (µk, σ
2) (10)

µk = kkk⊤∗ K
−1y̌yyk (11)

σ2 = k∗∗ − kkk⊤∗ K
−1kkk∗ (12)

2.2. Surrogate-model-based Prediction Stage

The prediction stage is performed once the surrogate model is obtained using a super-
vised machine learning technique. This stage involves formulating the controller tuning
problem as an optimization problem, as shown in (13), where kkk ∈ Rnk denotes the de-
sign variable vector associated with the controller’s parameters (as illustrated in Fig.
2). Additionally, JP denotes the objective functional associated with the performance
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criterion to be optimized. Typically, this criterion is defined through a performance
error function εP(rrr, ŷyy)|t∈Pw

, which evaluates the error between the controller’s refer-
ence vector rrr and the surrogate target vector ŷyy, within the prediction time window
Pw. Any performance index, such as those listed in Table 2, can be used to define εP.
However, alternative criteria may also be implemented depending on the application.

Returning to the optimization problem (13), it is noted that the formulation in-
cludes inequality constraints gi(kkk) ≤ 0, equality constraints hj(kkk) = 0, and boundary
limits defined by kkkmin and kkkmax. Furthermore, it is essential to highlight that the opti-
mization problem is subject to the surrogate model relationship ŷyy = f̂(x̂xx,Co, kkk), where

f̂ denotes the surrogate modeling strategy employed. In the present study, f̂ is instan-
tiated using RSM, RBF, or GPR, while the remaining prediction and optimization
formulation is kept unchanged. This formulation provides the methodological basis for
evaluating alternative surrogate-model strategies and lays the foundation towards a
common surrogate-based adaptive controller-tuning framework. The coefficient term
Co represents the model-specific parameters, corresponding to the second-degree co-
efficient matrix βββ

∗
for RSM, the first-degree coefficient matrix ΩΩΩ

∗
for RBF, and the

predictive mean µk and variance σ2 for GPR.

min
kkk∈Rnk

JP

s.t.


ŷyy = f̂(x̂xx,Co, kkk)

gi(kkk) ≤ 0, i = 1, . . . , r
hj(kkk) = 0, j = 1, . . . , s

kkkmin ≤ kkk ≤ kkkmax

(13)

Table 2.: Popular Performance Indices.

Indexes Functional

IAE
∫
t∈Pw

|rrr(t)− ŷyy(t)| dt

ISE
∫
t∈Pw

(rrr(t)− ŷyy(t))2 dt

ITAE
∫
t∈Pw

t |rrr(t)− ŷyy(t)| dt

ITSE
∫
t∈Pw

t (rrr(t)− ŷyy(t))2 dt

To solve the surrogate-model-based optimization problems (13), it is necessary to
consider the intuitive aspects of SIACTA implementations. The solution to the opti-
mization problem may vary at each update interval ∆TU because disturbances or un-
certainties can alter the problem’s conditions. Deterministic optimization algorithms
are generally ineffective in this context, as the initial search point is unknown at
each interval due to the system’s dynamics. Moreover, gradient-based deterministic
algorithms are limited by their requirement for continuous objective functions and
constraints. Therefore, the optimization problem within SIACTA is addressed using
bio-inspired algorithms in the present work. Such algorithms are suitable for the con-
sidered problem because they do not require an explicit dynamic model, can handle
discrete and continuous search spaces, and operate over a defined search space without
requiring a specific starting point. More generally, alternative optimization algorithms
may also be incorporated into the prediction stage, provided that they can solve the
surrogate-model-based optimization problem within the available update interval ∆TU.
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Thus, the choice of optimizer is treated as an implementation-dependent component
of the adaptive control tuning framework rather than as an intrinsic restriction of the
surrogate-model formulation.

In this work, the online differential evolution (ODE) (Rodŕıguez-Molina et al. 2022)
algorithm is employed as a fixed optimization component to isolate the influence of
surrogate-model selection on the computational and control-performance outcomes.
The online implementation involves incorporating the best solution from the current
update period, ∆TU, into the initial population for the next update period, ∆TU + 1.
This strategy assumes that the optimal solution does not experience significant shifts
between consecutive intervals, thereby improving the algorithm’s exploration efficiency.
It is important to clarify that the present work focuses exclusively on mono-objective
optimization problems. Furthermore, this choice avoids the additional computational
burden and a posteriori decision-making processes associated with multi-objective
optimization, which typically require preference-handling mechanisms, as discussed in
(Al-Tashi et al. 2020; Chen et al. 2020; Lin et al. 2021). Consequently, the first research
step prioritizes a simplified mono-objective formulation suitable for unknown dynamic
systems.

An additional consideration in time-based implementations is the occurrence of un-
desired fluctuations, remarkably abrupt changes in the solution of the optimization
problem. To mitigate this effect, the present work incorporates a discrete-time imple-
mentation of a Resistor-Capacitor (RC) low-pass filter, expressed as kkk(t + ∆TU) =
dfkkk(t)+(1−df)kkk(t−∆TU). This filter is applied to the controller parameters kkk at each
update interval, following the approach in (Villarreal-Cervantes et al. 2017), where df
denotes the discrete smoothing factor. This filtering strategy reduces undesired oscilla-
tions in system performance by smoothing transitions between consecutive controller
parameter updates.

2.3. Summary of SIACTA Operation

Fig. 4 is provided to facilitate a clearer understanding of the SIACTA operation. It
can be observed that two parallel threads are required. The first thread, referred to as
the “closed-loop thread,” implements a traditional closed-loop control strategy with
a sampling period δtl. In addition to computing the control signal from the sampled
system outputs, this thread collects system information into a dataset D comprising sb
samples, including the system’s state, control signal, and output vectors. The second
thread, referred to as the “adaptive thread,” operates at a slower update period ∆TU

and is responsible for executing both the identification and prediction stages. The
identification stage employs the collected dataset to compute the surrogate model,
using any of the strategies presented in Section 2.1, where the central objective is to
determine the optimal coefficient set Co for the surrogate model function f̂(·). Once
the surrogate model is obtained, it is used to formulate the optimization problem in the
prediction stage, to determine the new controller parameter vector that optimizes the
desired criterion, evaluated through the prediction objective function JP. The optimal
controller parameters obtained from the prediction stage are then filtered and applied
in the closed-loop thread.
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MAIN

Define initially
A set has SIACTA’s parameters: ∆TU, δtl, sb, sf, nx, nu, ny

B set has optimizer’s parameters: Gmax, NP, Cr, [Fmin, Fmax]
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System
operation begins

while
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1

Reached sampling time
t = b δtl
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ŷyy = f̂(x̂xx,Co)
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kkk∈Rnk

JP(kkk)

s.t.

{
ŷyy = f̂(x̂xx,Co, kkk)
kkkmin ≤ kkk ≤ kkkmax

Filter controller’s parameter vector
kkk(t+∆TU) = dfkkk(t) + (1− df)kkk(t−∆TU)

a←− a+ 1

Create feature x̃xx = [xxx,uuu]
and target ỹyy = yyy vectors
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{x̃xx, ỹyy} to a dataset of

sb elements

Compute system’s control
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1

1

1

Compute Codepending
on the surrogate model

(see Section 2.1)

Solve the prediction
problem using ODE

{A, D}
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∗

{A, B, D}

kkk∗
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adaptive thread
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kkk∗

closed-loop
thread

yes

D set has the
last sb samples

no

no

no

Figure 4.: SIACTA operation summary.
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2.4. SIACTA’s Characteristics and Considerations

The following information is provided to assist researchers and practitioners in under-
standing and facilitating the implementation of SIACTA using any of the previously
described methods:

• General information of SIACTA
◦ To implement the SIACTA framework and instantiate its workflow in a
given mechatronic system, the required information is summarized in Ta-
ble 3. This information covers system-level dimensions and implementation
parameters, including the numbers of state and output variables, the di-
mension of the control signal parameter, and the timing constraints for
sampling, identification, prediction, and optimization. By leveraging these
generic dimensions, the proposal provides a common framework for integrat-
ing and evaluating different surrogate-model approaches without redesign-
ing the core strategy. Consequently, this formulation facilitates adaptation
to alternative application settings. However, the suitability and real-time
feasibility of a particular implementation depend on the target system’s
characteristics and require application-specific validation.

Table 3.: General parameters for SIACTA implementation.

Concering Parameter

System
characteristics

Size of system’s states vector nx

Size of system’s control signal
vector

nu

Size of system’s output vector ny

Time-related
parameters

Sampling period δtl
Update perioda ∆TU

Backward steps sb
Forward steps sf

Identification time window Iw
Prediction time window Pw

Optimization
problem
characteristics

Size of controller’s parameter
vector

nk

Metaheuristic optimizer
parameters

Population size, Max.
generations, etc.

◦ Regardless of the surrogate modeling strategy, all approaches rely exclu-
sively on the dataset information collected during the identification time
window Iw. This dataset includes the system’s states, outputs, and control
signals. Consequently, the surrogate model can only simulate or predict the
behavior of these variables, and any other state, output, or control signal
not included during the identification stage cannot be predicted.
◦ Since SIACTA uses a fixed sampling period δtl to define the temporal rela-
tionship between samples, the surrogate model must employ the same sam-
pling period δtl for forward-step simulations within the prediction stage.
◦ Alternative optimization algorithms beyond the one used in this work must
solve the surrogate-model-based optimization problem for the prediction
stage within the update period ∆TU. Although SIACTA reduces the com-
putational burden, the optimizer’s suitability depends on the algorithm’s
computational complexity and the computational system’s resources to han-
dle the load.
◦ If the sampling period δtl is too short, it may lead to redundant or uninfor-
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mative samples, as parametric uncertainties and external disturbances may
not significantly affect the system within such short intervals. Conversely,
if δtl is too long, relevant system information may be omitted, and adverse
conditions might go uncompensated. The choice of δtl should reflect the
system’s dynamic responses, satisfying at least the Nyquist-Shannon sam-
pling criterion, where fast-dynamic systems require shorter sampling peri-
ods and slow-dynamic systems allow more extended periods to reconstruct
the model.
◦ The number of backward steps sb, which defines the identification time win-
dow Iw, must be sufficient to ensure representativeness of the dataset. How-
ever, increasing sb increases computational costs during surrogate model
construction, introducing a trade-off between data representativeness and
computational efficiency.
◦ The number of forward steps sf, which defines the prediction time window
Pw, must be adequate to allow the optimization algorithm to differentiate
between candidate solutions. Nonetheless, a larger Pw increases the com-
putational load during the prediction stage.
◦ It is advisable to conduct a sensitivity analysis on the time-related pa-
rameters δtl, ∆TU, Iw, and Pw, as their selection directly influences both
performance and computational demand. This sensitivity analysis should
consider the computational capabilities of the target system.

• SIACTA with response surface method (SIACTA-RSM)
◦ Any polynomial degree can be employed within the RSM; however, it is
important to consider that increasing the polynomial degree directly in-
creases the computational burden associated with model construction and
evaluation.
◦ Since the RSM formulation reduces to solving a system of equations, the
number of samples sb must be greater than or equal to the number of
polynomial terms ν, that is, sb ≥ ν. Specifically, in the context of RSM, ν

is computed as ν = (nx+nu+1)(nx+nu+2)
2 , accounting for all bias, first-degree,

and second-degree terms.
• SIACTA with radial basis function (SIACTA-RBF)

◦ The RBF method does not require a strict minimum number of samples sb
to perform the regression; however, it is recommended to use at least sb > 2
to ensure sufficient information sharing among samples (Fasshauer 2007).
As previously discussed, a small number of samples leads to poor regression
accuracy, while an excessive number of samples increases the computational
burden.
◦ The method is sensitive to the scale factor γ of the Gaussian kernel. A small
γ value tends to produce localized “bumps” in the regression surface, while
a large γ value causes the regression to approximate a smooth, flat plane.

• SIACTA with Gaussian process regression (SIACTA-GPR)
◦ The GPR method does not provide a strict lower bound on the number
of samples sb required for regression. However, it is generally advisable to
use sb > 2 to ensure a meaningful estimation of covariance relationships
among samples (Fasshauer 2007). A reduced number of samples limits the
predictive capacity of GPR, while increasing sb improves model generaliza-
tion at the cost of greater computational effort due to the need for matrix
inversions.
◦ The GPR performance is highly influenced by the scale factor γ, which
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directly impacts the covariance structure. A minimal γ results in rapidly
decaying covariances, leading to overfitting to isolated data points and re-
ducing the generalization capability. In contrast, a high γ induces dominant
long-range correlations, potentially leading to overly smoothed predictions
with reduced sensitivity to local dynamics.

3. Case study: BLDC motor

The present work considers a brushless direct current (BLDC) motor as the case
study, selected for its widespread use in industrial applications and inherent control
complexity. This complexity arises from its fast-response behavior, which makes it
difficult to compensate for adverse conditions such as parametric uncertainties and
external disturbances.

3.1. Dynamic model

Fig. 5 presents the schematic of a BLDC motor, which includes both the three-phase
motor and the inverter. The inverter’s commutation logic converts the DC voltage
input into a quasi-sinusoidal three-phase AC voltage to drive the motor.

Commutation logic

Vs

Q1 Q2 Q3

Q4 Q5 Q6

Three-phase motor

Van

Vbn

Vcn

R/2 L/2

−+

eγ

R/2 L/2

−+

R/2 L/2

−+

N

τl

Motor’s shaft

J

τe

B

Figure 5.: BLDC motor diagram.

The dynamic model of the BLDC motor comprises both electrical and mechanical
components. The electrical model describes the energy flow through each of the γ ∈
{a, b, c} phases, as defined in (14). In this model, iγ and Vγn = Vs

2 ηγ denote the phase
current and phase voltage, respectively, where Vs is the DC voltage supply applied
to the three-phase inverter, and ηγ is a position-dependent function. The parameters
R and L represent the line (phase-to-phase) resistance and inductance, respectively.
Additionally, eγ = ke

2 υργ defines the back-electromotive force (back-EMF) of the γ
phase, where ke is the electromagnetic constant, υ is the angular velocity of the BLDC
motor, and ργ is a position-dependent function. The functions ηγ and ργ account for
the phase shift of 2π

3 between phases, such that ηa = η(θ), ρa = ρ(θ), η = η(θ − 2π
3 ),

ρb = ρ(θ − 2π
3 ), and ηc = η(θ − 4π

3 ), ρc = ρ(θ − 4π
3 ), where η(θ) and ρ(θ) are defined

in (15) and (16), respectively.
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Van

Vbn

Vcn

 =

L/2 0 0
0 L/2 0
0 0 L/2

i̇ai̇b
i̇c

+

R/2 0 0
0 R/2 0
0 0 R/2

iaib
ic

+

eaeb
ec

 (14)

η(θ) =


1, if 0 ≤ θ < 2π

3

0, if 2π
3 ≤ θ < π

−1, if π ≤ θ < 5π
3

0, if 5π
3 ≤ θ < 2π

(15)

ρ(θ) =


1, if 0 ≤ θ < 2π

3

1− 6
π

(
θ − 2π

3

)
, if 2π

3 ≤ θ < π

−1, if π ≤ θ < 5π
3

−1 + 6
π

(
θ − 5π

3

)
, if 5π

3 ≤ θ < 2π

(16)

The electric flow described in (14) generates an electromagnetic torque τe, defined
in (17), where kt is the mechanical constant. This electromagnetic torque τe produces
mechanical motion that drives an external load τl through the motor’s shaft. The
interaction between the electromagnetic torque and the external load is governed by
(18) and (19), where J and B denote the shaft’s inertia and viscous friction coefficients,
respectively, and P represents the number of pole pairs.

τe = kt (iaρa + ibρb + icρc) (17)

τe − τl = J
dυ

dt
+Bυ (18)

dθ

dt
= Pυ (19)

The phase model is transformed into a line (phase-to-phase) model by considering
the current relationships ic = −ia−ib, and the line voltages defined as Vab = Van−Vbn,
Vbc = Vbn−Vcn, and Vca = Vcn−Van. This transformation is applied since, in many real-
world BLDC motor systems, direct phase-to-neutral measurements are not feasible.
The complete dynamic model of the BLDC motor is expressed in (20), where the state
vector is defined as xxx = [x1, x2, x3, x4]

⊤ = [ia, ib, υ, θ]
⊤ ∈ R4, the control signal is

u = Vs, and the parameter vector is ppp = [p1, . . . , p6]
⊤ = [RL ,

ke

6L ,
kt

J ,
B
J ,

1
6L , P ]⊤ ∈ R6.

The output vector is yyy ∈ R4, with C = I4 ∈ R4×4 representing the identity matrix,
assuming all states are measurable. Finally, D = [0, 0, 1, 0]⊤ ∈ R4 denotes the external
load vector applied to the BLDC motor.

19



ẋxx =Axxx+Bu+Dτl

=f(xxx, u,ppp)

yyy =Cxxx

(20)

where,

A =


−p1 0 −p2(2 ∗ ρa − ρb − ρc) 0
0 −p1 p2(ρa − 2ρb + ρc) 0

p3(ρa − ρc) p3(ρb − ρc) −p4 0
0 0 p6 0

 ,

B =


p5(2ηa − ηb − ηc)
p5(−ηa + 2ηb − ηc)

0
0

 .

In the current work, the control signal u(t) is generated using a Proportional-Integral
(PI) controller, defined as u(t) = kpe(t) + ki

∫
e(t) dt, where e(t) = υd − x3 represents

the speed regulation error, given by the difference between the desired angular speed
υd and the actual angular speed x3. The proportional and integral gains, kp and ki,
respectively, form the controller’s parameter vector kkk = [kp, ki]

⊤ ∈ R2.

3.2. Experimental platform description

Fig. 6 illustrates the scheme of the experimental platform, detailing its main blocks.
The Mechanical block consists of a BLDC motor (Maxon EC 90 flat, model 607327)
and an unbalanced weight system. The nominal specifications of the motor are pro-
vided in Table 4. The unbalanced weight system connects the BLDC motor shaft to a
transfer mechanism composed of a gear-timing belt assembly with a 1:1 ratio. The con-
trol objective is to regulate the BLDC motor’s angular speed, considering unknown
rotational inertia and timing belt stiffness as parametric uncertainties. The BLDC
motor is powered (brown lines in Fig. 6) by a DC-to-AC voltage inverter (MAXON
ESCON 50/5). The Electronic block is located between the voltage inverter and the
BLDC motor, where the three-phase currents and phase-to-phase voltages are sensed
and conditioned. Current measurements are performed using LEM LTSR-6-NP sen-
sors, and voltage measurements are performed using LEM LV-25-P sensors. All signals
are filtered through a second-order Sallen-Key low-pass filter with a cut-off frequency
of 1 kHz. The conditioned current and voltage signals (blue lines in Fig. 6), along with
the BLDC motor’s encoder and Hall-effect signals (green lines), are acquired by the
Control block. This block consists of a Sensoray 826 PCIe multifunction analog/digital
I/O board, interfaced with a computer running at 3.2 GHz and equipped with 16 GB
of RAM. The control block executes the SIACTA approach, implemented in C++ with
Visual Studio 2021, and generates the regulated control signal (orange line in Fig. 6)
that is sent to the voltage inverter. This configuration is flexible, allowing alternative
control strategies to be implemented if needed.
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Figure 6.: Experimental platform scheme.

Table 4.: BLDC motor’s nominal values.

Parameter Name Value

R Line resistance 0.844 (Ω)
L Line inductance 0.00107 (H)
ke Electromagnetic constant 0.207 (V·s/rad)
kt Torque constant 0.231 (N·m/A)
B Magnetic friction coefficient 0.000181437 (N·m·s)
J Inertia coefficient 0.000506 (kg·m2)
P Pairs of poles 11

τmax Maximum continuous torque 0.964 (Nm)
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4. Experimentation

4.1. Considerations

According to the BLDC motor dynamic model (20), the following dimensions are es-
tablished: nx = 4, nu = 1, and ny = 4, corresponding to the sizes of the system’s state,
control signal, and output vectors, respectively. Table 5 summarizes the time-related
parameters and the optimizer parameters. The time-related parameters are selected
based on a sensitivity analysis that accounts for the computational capabilities of the
experimental platform, choosing the smallest feasible values that ensure proper system
operation. Regarding the optimization stage, the online differential evolution (ODE)
algorithm is employed, specifically in its best/1/bin variant. The online adaptation
incorporates the last known optimal individual into the initial population for the cur-
rent search cycle, thereby facilitating the algorithm’s exploration. The optimizer and
its parameters are kept fixed across all surrogate-model variants to isolate the effect
of surrogate-model selection on computational burden and closed-loop performance.
The optimizer parameters are adopted from (Rojas-López, Villarreal-Cervantes, and
Rodŕıguez-Molina 2023; Rojas-López et al. 2025), as they have shown effectiveness in
adaptive controller tuning problems.

Table 5.: SIACTA implementation parameters.

Parameter value

System
characteristics

Size of system’s states vector nx = 4
Size of system’s control signal vector nu = 1

Size of system’s output vector ny = 4

Time-related
parameters

Sampling period δtl = 100 (µs)
Update perioda ∆TU = 10 (ms)
Backward steps sb = 100
Forward steps sf = 10

Identification time window Iw = 10 (ms)
Prediction time window Pw = 500 (µs)

Optimization
problem
characteristics

ODE’s Population size NP = 20
ODE’s Max. generations Gmax = 20
ODE’s Crossover rate Cr = 0.6

ODE’s Mutation factor range [Fmin, Fmax] = [0.3, 0.9]
Size of controller’s parameter vector nk = 2

aSIACTA-GPR requires ∆TU = 250 (ms) since its process is significantly slower.

The prediction stage optimization problem employed in this work is defined in (21),
where the objective functional JP =

∫
t∈Pw
|υd(t)− ŷ3(t)| dt represents the integral

absolute error (IAE) between the desired angular speed υd and the surrogate model’s
predicted angular speed ŷ3 within the prediction time window Pw. The selected con-
troller is a proportional-integral (PI) controller, characterized by the parameter vector
kkk = [kp, ki]

⊤ ∈ R2. The optimization problem is bounded by lower and upper limits
kkkmin = 0.9kkk0 and kkkmax = 1.1kkk0, respectively, where kkk0 is a reference parameter vector
precomputed offline under ideal operating conditions.

min
kkk∈Rn2

JP

s.t.

{
ŷyy = f̂(x̂xx,Co, kkk)
kkkmin ≤ kkk ≤ kkkmax

(21)
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4.2. Results

The SIACTA-RSM, SIACTA-RBF, and SIACTA-GPR variants are compared across
three experiments, with 30 executions for each variant in each experiment. The com-
parison also includes the IACTA strategy (Rojas-López, Villarreal-Cervantes, and
Rodŕıguez-Molina 2023) to assess computational burden and the optimal offline con-
troller tuning approach (OOCTA) (Paredes-Ballesteros et al. 2025) as a baseline ref-
erence for control performance. In the first experiment, no weights are attached to
the disc. Although the disc remains balanced, parametric uncertainties persist due to
the timing belt’s elongation. The second and third experiments introduce unbalanced
weights to the disc: the second experiment involves moving a pair of 0.077 kg discs.
In comparison, the third experiment involves a pair of 0.099 kg discs (see Fig. 7). For
each control strategy, thirty executions of duration tf = 10 s are performed.

(a) Plastic discs. (b) Metalic discs.

Figure 7.: Used external weights.

In each execution, three evaluation criteria are considered. The first criterion as-
sesses system performance, measured by IAE over the entire execution period. The
second criterion quantifies the computational burden by evaluating the average com-
putational time (ACT) required by each control strategy to complete the stages within
an update period ∆TU. The third criterion analyzes the normalized trade-off (NTO)
between system performance and computational burden, providing a combined per-
spective of efficiency and control effectiveness. The next information is provided in
order to clarify the NTO criterion. The NTO criterion for the i-th execution, named
NTOi, is computed through (22), where the terms IAEm

i and ACTm
i are the IAE

and ACT evaluations of the respective m-th controller tuning approach, and IAEmin,
ACTmin, IAEmax, and ACTmax are the respective minimal and maximal evaluations
among all the implemented controller tuning approaches.
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NTOi =

√(
IAEm

i − IAEmin

IAEmax − IAEmin

)2

+

(
ACTm

i −ACTmin

ACTmax −ACTmin

)2

(22)

4.2.1. Graphical overview

Fig. 8 presents the results of each experiment, illustrating the execution closest to the
mean performance among the thirty runs for each control strategy. It is observed that
the SIACTA-RBF variant achieves faster compensation across all three experiments.
Additionally, it exhibits lower overshoot during the system’s start-up phase compared
with the other control strategies implemented. Beyond these observations, further dis-
tinctions between the control strategies are not immediately evident from the plotted
results.
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(c) Experiment 3.

Figure 8.: Speed regulation outcomes.

4.2.2. Statistical analysis

Tables 6, 7, and 8 present the statistical outcomes, both descriptive and inferential,
corresponding to the first, second, and third experiments, respectively. Each table
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is organized into three sections of rows, where the first, second, and third sections
report the results for the IAE, ACT, and NTO criteria, respectively. The second col-
umn identifies the control tuning strategy evaluated for each criterion. The third to
sixth columns report the best, mean, worst, and standard deviation values across the
thirty executions for each strategy. The seventh to eleventh columns (shaded in grey)
summarize the results of the Wilcoxon rank-sum tests, performed with a significance
level of α = 0.05. The symbols +, −, and ≈ indicate whether the strategy in the row
label is statistically superior, inferior, or statistically similar to the strategy in the col-
umn header. It is essential to note that the ACT and NTO criteria are not evaluated
for OOCTA (indicated as n.a.), as OOCTA operates offline. Additionally, the symbol
“−−” is used to denote pairwise comparisons of a control tuning strategy with itself.

The following highlights are provided to facilitate a clearer understanding of the
obtained results:

• Experiment 1:

◦ Regarding IAE: All tested controller tuning strategies yield statistically
similar outcomes, indicating comparable control performance. However, the
SIACTA-RBF variant is the only adaptive strategy that achieves a lower
mean IAE than the traditional offline strategy, OOCTA, reducing it by
4.70%.
◦ Regarding ACT: SIACTA-RSM shows the lowest computational burden
among the adaptive strategies, outperforming IACTA, SIACTA-GPR, and
SIACTA-RBF, followed by SIACTA-RBF as the second-best. Specifically,
SIACTA-RSM achieves a mean ACT that is 43.5 times faster than IACTA,
while SIACTA-RBF achieves a mean ACT up to 1.5 times faster than
IACTA. Notably, SIACTA-GPR results in the highest computational bur-
den, confirming that not all surrogate model strategies necessarily reduce
computational cost.
◦ Regarding NTO: SIACTA-RBF and SIACTA-RSM exhibit statistically sim-
ilar trade-off performance compared to the traditional adaptive strategy
IACTA. Nevertheless, SIACTA-RBF achieves a notable 25.67% reduction
in the mean NTO value relative to IACTA.

• Experiment 2:

◦ Regarding IAE: The SIACTA-RBF and SIACTA-RSM proposals, along
with the traditional IACTA strategy, outperform the conventional offline
strategy, OOCTA. In contrast, SIACTA-GPR remains statistically simi-
lar to OOCTA. It is noteworthy that the performance of SIACTA-RSM
decreases as experimental complexity increases, and it is outperformed by
SIACTA-RBF and IACTA, which remain statistically similar. Furthermore,
SIACTA-RBF achieves a 2.62% reduction in the mean IAE compared to
IACTA.
◦ Regarding ACT: The outcomes for this criterion remain consistent with
those observed in the first experiment. This is expected, as the computa-
tional burden is associated with the internal operations of each controller
tuning strategy, specifically the identification and prediction stages, rather
than with the external experimental conditions. Therefore, ACT results
remain constant for the BLDC motor regardless of experiment complexity.
◦ Regarding NTO: The NTO results follow a similar trend to those observed in
the first experiment. This indicates that while SIACTA-RBF and IACTA
improve in performance with increasing experiment complexity, the sub-
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stantial computational burden reduction achieved by SIACTA-RSM re-
mains sufficient to maintain a competitive trade-off.

• Experiment 3:

◦ Regarding IAE: As the experimental complexity increases, SIACTA-RBF
emerges as the most reliable strategy, outperforming all other approaches.
Specifically, SIACTA-RBF reduces the mean IAE by 3.34% compared to
IACTA.
◦ Regarding ACT: The established trend persists, where SIACTA-RSM con-
sistently achieves the lowest computational burden, followed by SIACTA-
RBF. Both strategies outperform IACTA, while SIACTA-GPR continues
to yield the worst computational cost.
◦ Regarding NTO: SIACTA-RBF outperforms all other adaptive strategies,
reducing IACTA’s mean NTO by 10.33%. Notably, as experiment complex-
ity increases, the traditional IACTA strategy shows a decline in overall
performance. Consequently, SIACTA-RSM, due to its significantly reduced
computational burden, achieves NTO results that are statistically compa-
rable to those of IACTA.

Table 6.: Experiment 1 - statistical results.

Crit. Strategy best mean worst std. IA
C
T
A

S
IA

C
T
A
-R

S
M

S
IA

C
T
A
-R

B
F

S
IA

C
T
A
-G

P
R

O
O
C
T
A

IAE

IACTA 18.2739 23.4214 27.4358 2.0202 −− ≈ ≈ ≈ ≈
SIACTA-RSM 20.4474 24.2730 38.3512 3.7443 ≈ −− − ≈ ≈
SIACTA-RBF 14.5471 21.7215 27.4732 3.2299 ≈ + −− ≈ ≈
SIACTA-GPR 18.2848 23.3233 33.8894 3.0709 ≈ ≈ ≈ −− ≈

OOCTA 20.0551 22.7946 25.5562 1.4646 ≈ ≈ ≈ ≈ −−

ACT

IACTA 10.8028 11.0088 12.5031 0.3065 −− − − + n.a.
SIACTA-RSM 0.2344 0.2527 0.2665 0.0070 + −− + + n.a.
SIACTA-RBF 5.6893 7.2979 10.2021 0.9428 + − −− + n.a.
SIACTA-GPR 181.7090 217.8759 271.7040 17.7257 − − − −− n.a.

OOCTA n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.

NTO

IACTA 0.1617 0.3751 0.5429 0.0842 −− ≈ ≈ + n.a.
SIACTA-RSM 0.2479 0.4086 1.0000 0.1573 ≈ −− − + n.a.
SIACTA-RBF 0.0268 0.3037 0.5435 0.1329 ≈ + −− + n.a.
SIACTA-GPR 0.7654 0.8891 1.1378 0.0931 − − − −− n.a.

OOCTA n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.

4.3. Discussion

Three experiments were conducted, each introducing increasing levels of adverse con-
ditions to be compensated for. Three surrogate-model-based indirect adaptive con-
troller tuning strategies were evaluated: response surface method (SIACTA-RSM), ra-
dial basis function (SIACTA-RBF), and Gaussian process regression (SIACTA-GPR).
These were compared with the traditional indirect adaptive controller tuning approach
(IACTA), which is based on a generalized dynamic model, and the conventional op-
timal offline controller tuning approach (OOCTA). The evaluation considered three
criteria: system performance, measured by the integral absolute error (IAE); the av-
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Table 7.: Experiment 2 - statistical results.

Crit. Strategy best mean worst std. IA
C
T
A

S
IA

C
T
A
-R

S
M

S
IA

C
T
A
-R

B
F

S
IA

C
T
A
-G

P
R

O
O
C
T
A

IAE

IACTA 21.7815 25.3688 30.3091 2.2372 −− ≈ ≈ ≈ +
SIACTA-RSM 20.9865 26.0983 30.7435 2.0758 ≈ −− − ≈ +
SIACTA-RBF 17.4905 24.7038 30.0957 2.7996 ≈ + −− + +
SIACTA-GPR 16.8738 26.6662 43.0334 4.4321 ≈ ≈ − −− ≈

OOCTA 22.7976 27.7980 34.7883 2.5046 − − − ≈ −−

ACT

IACTA 10.7932 10.9060 11.2521 0.1097 −− − − + n.a.
SIACTA-RSM 0.2270 0.2485 0.2838 0.0124 + −− + + n.a.
SIACTA-RBF 5.9373 6.6635 8.3481 0.6085 + − −− + n.a.
SIACTA-GPR 183.2340 208.0580 238.3270 15.7367 − − − −− n.a.

OOCTA n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.

NTO

IACTA 0.1930 0.3280 0.5156 0.0846 −− ≈ ≈ + n.a.
SIACTA-RSM 0.1572 0.3526 0.5302 0.0794 ≈ −− − + n.a.
SIACTA-RBF 0.0336 0.3009 0.5061 0.1060 ≈ + −− + n.a.
SIACTA-GPR 0.8448 0.9625 1.2915 0.0886 − − − −− n.a.

OOCTA n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.

Table 8.: Experiment 3 - statistical results.

Crit. Strategy best mean worst std. IA
C
T
A

S
IA

C
T
A
-R

S
M

S
IA

C
T
A
-R

B
F

S
IA

C
T
A
-G

P
R

O
O
C
T
A

IAE

IACTA 21.5339 28.1475 31.4814 2.4408 −− ≈ − + +
SIACTA-RSM 23.1762 28.5739 34.6438 3.0792 ≈ −− − + +
SIACTA-RBF 19.1572 27.2048 40.3387 3.3354 + + −− + +
SIACTA-GPR 26.1260 30.4315 38.9564 2.9086 − − − −− ≈

OOCTA 27.1614 30.5160 46.2315 3.6386 − − − ≈ −−

ACT

IACTA 10.8541 10.9843 11.2612 0.1062 −− − − + n.a.
SIACTA-RSM 0.2324 0.2488 0.2625 0.0086 + −− + + n.a.
SIACTA-RBF 5.8122 7.1887 14.3174 1.5911 + − −− + n.a.
SIACTA-GPR 210.6180 240.6956 275.8460 17.7548 − − − −− n.a.

OOCTA n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.

NTO

IACTA 0.1188 0.4265 0.5831 0.1143 −− ≈ − + n.a.
SIACTA-RSM 0.1897 0.4446 0.7311 0.1454 ≈ −− − + n.a.
SIACTA-RBF 0.0511 0.3824 1.0007 0.1534 + + −− + n.a.
SIACTA-GPR 0.8632 1.0287 1.2637 0.0938 − − − −− n.a.

OOCTA n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a. n.a.
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erage computation time (ACT) required for the identification and prediction stages;
and the normalized trade-off (NTO) between performance and computational burden.

Among the tested strategies, SIACTA-RBF proved to be the most effective, consis-
tently achieving the best NTO by balancing control performance and computational
cost. These results establish SIACTA-RBF as the most reliable option for compen-
sating adverse conditions in real-time applications involving BLDC motors. SIACTA-
RSM stands out for its significant advantage in reducing computational burden, achiev-
ing an ACT up to 43.5 times faster than traditional IACTA while maintaining com-
parable NTO results.

The SIACTA-GPR strategy failed to match, let alone surpass, the performance
of the traditional IACTA strategy in any of the evaluated criteria and was the only
adaptive method with performance levels comparable to the baseline offline approach
(OOCTA). This behavior is expected because, in this study, it was necessary to extend
its update period to 250ms (twenty-five times longer than the other strategies) to
allow execution of its identification and prediction stages. While this demonstrates
the capability of the proposed framework to integrate diverse surrogate models within
the tested BLDC motor platform, it also highlights key real-time constraints of GPR
in fast-dynamic systems, suggesting caution for its use in high-speed scenarios.

Furthermore, the literature supports the view that surrogate models and optimiza-
tion algorithms act as distinct components within adaptive tuning frameworks. Al-
though keeping the ODE optimizer fixed isolates the influence of surrogate-model
selection in our evaluation, quantifying the impact of alternative optimizers remains
an avenue for future work.

Overall, the results suggest that surrogate-model selection should be treated as
an application-dependent design decision, analogous to optimizer selection in related
works, where the benefits of model interchangeability must be balanced against the
computational requirements of the target system. Consequently, these findings empha-
size that the effective deployment of surrogate models relies heavily on system-specific
characteristics, such as physical complexity, operating magnitude, and real-time re-
sponse constraints.

5. Conclusions

This work introduces a surrogate-model-based methodology for the indirect adaptive
controller tuning approach (SIACTA) based on metaheuristic optimization, supported
by real-world experimental evidence. The proposal addresses key limitations in con-
ventional metaheuristic-based IACTAs by significantly reducing the computational
burden while preserving control performance under nominal conditions or enhancing
it under adverse conditions. The methodology is formulated to accommodate alter-
native surrogate-model strategies within a common identification-prediction-tuning
framework. In this study, the response surface method (RSM), radial basis function
(RBF), and Gaussian process regression (GPR) are implemented and experimentally
compared under identical system, controller, optimization, and hardware configura-
tions.

The methodology is validated through the speed regulation of a fast-response BLDC
motor, on a real-world experimental platform, across three experiments of increasing
complexity, incorporating parametric uncertainties and external disturbances. Com-
parisons were conducted against both the traditional explicit model-based indirect
adaptive controller tuning approach (IACTA) and the conventional optimal offline
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controller tuning approach (OOCTA).
The results indicate that, as experimental complexity increases, surrogate-assisted

strategies emerge as the most reliable and robust strategy among the evaluated alter-
natives for the tested BLDC motor platform. Among the evaluated variants, SIACTA-
RSM excels in reducing computational burden, achieving an average computation time
43 times faster than traditional IACTA. Meanwhile, SIACTA-RBF delivers the best
overall performance, consistently outperforming IACTA across all evaluated criteria
and delivering the best trade-off between system performance and computational effi-
ciency among the surrogate-model-based strategies.

These outcomes provide evidence of the real-time feasibility of the proposed ap-
proach on the tested fast-response BLDC motor platform and show the framework’s
interchangeability of the surrogate model within the tested platform. Notably, the pro-
posed framework is formulated around a baseline controller configuration and can, from
a methodological perspective, be adapted to alternative control structures, surrogate-
modeling techniques, optimization algorithms, and platforms, giving the fact that the
proposed framework relies on generic system-level information and controller parame-
ters, which facilitates such adaptation without requiring a redesign of the overall struc-
ture. Nevertheless, alternative control structures, plants, optimization algorithms, and
hardware platforms remain to be experimentally established.

Future work will focus on expanding the methodology to incorporate additional
surrogate-modeling techniques and multi-objective optimization frameworks to ad-
dress multiple performance criteria simultaneously. Further experimental validation
on other complex real-world systems and low-capacity embedded platforms is also
planned.
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Landau, Ioan Doré, Rogelio Lozano, Mohammed M’Saad, and Alireza Karimi. 2011. Adaptive
Control: Algorithms, Analysis and Applications. Springer London.

Lin, Jiabin, Hai-Lin Liu, Kay Chen Tan, and Fangqing Gu. 2021. “An Effective Knowledge
Transfer Approach for Multiobjective Multitasking Optimization.” IEEE Transactions on
Cybernetics 51 (6): 3238–3248.

Lishchenko, Natalia, Anatoly Gushchin, and Vasily Larshin. 2024. “Hierarchical Control in
Mechatronic Technological Systems.” Machines 12 (10): 697.
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