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ARTICLE INFO ABSTRACT

Keywords: Tuning controllers for nonlinear systems remains a significant challenge due to their inherent complexity and
Optimisation-based tuning the lack of systematic design methodologies. This study presents a practical, versatile, and robust optimisation-
Nonlinear control based procedure for tuning nonlinear controllers, including linear ones, offering a structured alternative

Wind energy systems
Closed-loop dynamics
Sliding mode control

to the traditional trial-and-error tuning strategies commonly used in practice. A key contribution of the
proposed methodology is the explicit definition and achievement of target closed-loop dynamic behaviours
in nonlinear systems, which is analogous to classical dynamics in linear control. By leveraging global
optimisation techniques, the procedure systematically identifies controller parameters that minimise deviations
from predefined dynamic targets while ensuring robustness and stability across a range of operating conditions.
The approach addresses the nonlinear response of the controlled system and provides an intuitive and
customisable framework for shaping closed-loop dynamics according to design objectives. The methodology
is validated through its application to a wind turbine control problem, demonstrating its ability to tune both
proportional-integral (PI) and super-twisting sliding mode controllers (SMC) effectively. The results highlight
the sensitivity of nonlinear controllers to parameter selection and underscore the benefits of a systematic tuning
approach in achieving consistent performance, preventing actuator saturation, and ensuring system longevity.
This study offers a powerful and generalisable solution for tuning controllers in complex nonlinear systems,
enabling practitioners to move beyond empirical tuning practice.

1. Introduction applicability. While well-established techniques, like those based on
Jacobian linearisation (Goodwin et al., 2001), can work under certain

Nonlinear systems pose a fundamental challenge in control engi- conditions, they become inadequate when hard nonlinearities or the
neering due to their complex dynamics, sensitivity to environmental absence of smooth derivatives complicate the behaviour of the sys-
variations, and the presence of uncertainties. In many practical appli- tem (Hiskens, 2002; Slotine et al., 1991). In response, nonlinear control
cations, traditional linear control methods often fail to deliver optimal approaches provide a positive alternative, offering greater flexibility
performance. This underscores the need for nonlinear control strategies, in addressing complex dynamics. However, the challenge persists: not

only is there a lack of systematic tuning methodologies for nonlinear
controllers, but the very nature of nonlinear systems also complicates
tuning, even when using simpler linear control strategies. Additionally,
nonlinear controllers can exhibit high sensitivity to control parameters,
leading to significant changes in the time response even with minimal
parameter variations. As a result, practitioners often resort to trial-and-
error tuning methods, which, although sometimes yielding acceptable

which offer the flexibility required to robustly manage such complex-
ities and enhance system stability and performance under dynamic
conditions. However, a significant obstacle in implementing nonlinear
controllers is the absence of general, systematic tuning methods that
can be applied across a wide range of nonlinear systems (Slotine et al.,
1991). Most existing tuning approaches are tailored to specific system
structures and rely on analytical tractability, which limits their broader
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performance, remain time-consuming and suboptimal. These challenges
highlight the critical need for more efficient, systematic tuning method-
ologies to fully harness the potential of nonlinear control. Within this
context, global optimisation techniques can provide a robust approach
to overcoming the challenges associated with tuning nonlinear control
systems (Locatelli & Schoen, 2013). With increasing computational
power, these methods offer a structured and efficient alternative to
traditional trial-and-error calibration (Rosendo et al., 2021).

Two main categories of optimisation-based control tuning strate-
gies can be identified: for (i) linear controllers, and (ii) nonlinear
controllers. In the first category, metaheuristic algorithms have been
explored to enhance control performance, as seen in Mpanza and
Pedro (2021). Additionally, systematic optimisation-based methodolo-
gies have been applied in power systems, as demonstrated in Hiskens
(2002), which employs trajectory sensitivities to optimise nonlinear
power system stabilisers and improve post-disturbance stability. In
the second category, global optimisation methods have been used
for sliding mode control (SMC) tuning (Khalil, 1996; Utkin, 1992).
Notably, (Rosendo et al., 2021) applies interval arithmetic-based global
optimisation to ensure sliding mode existence under bounded uncer-
tainties, focusing on tuning the sliding surface relative to a first-order
SMC rather than the full control law. While this methodology provides
robustness guarantees, it does not explicitly optimise for a predefined
closed-loop dynamic. In contrast, as detailed in the following sec-
tions, the present study advances the global optimisation framework
by optimising the entire control structure, with the added capabil-
ity of integrating stability constraints into the optimisation process
and explicitly enforcing a desired convergence behaviour. Further-
more, whereas (Rosendo et al., 2021) demonstrates its SMC tuning
methodology on an unmanned underwater vehicle, the presented study
evaluates the proposed optimisation-based tuning approach in a wind
energy system, considering both a second-order SMC and a PI controller
to demonstrate its applicability across different control paradigms.
Overall, while the aforementioned methodologies demonstrate the po-
tential of optimisation-based tuning in specific contexts (Hiskens, 2002;
Mpanza & Pedro, 2021; Rosendo et al., 2021), they often lack the gener-
ality required for broader application across diverse control scenarios.
Thus, the presented study aims to bridge that gap by introducing a
unified, systematic approach applicable to various controller structures
and performance specifications.

Recent contributions have further enriched this field by introducing
heuristic and learning-based optimisation strategies tailored to non-
linear systems. For instance, particle swarm optimisation has been
employed to tune nonlinear PID controllers with enhanced robustness
and disturbance rejection in first order plus time delay (FOPTD) sys-
tems (Charkoutsis & Kara-Mohamed, 2023). Similarly, Pazmifo et al.
(2024) investigated the application of advanced metaheuristics — such
as ant colony and flower pollination algorithms — for tuning fractional
PID controllers in nonlinear tank systems, demonstrating improved
performance over classical techniques. Model-free approaches have also
gained traction, notably through the use of reinforcement learning: (Bu-
jgoi & Sendrescu, 2024) leverages twin-delayed deep deterministic
(TD3) algorithms to optimise PID controllers in biotechnological pro-
cesses, achieving superior tracking of nonlinear dynamics without re-
quiring explicit system models. In another recent example, Zambrano-
Gutierrez et al. (2024) introduced a hyper-heuristic-based method for
tuning adaptive SMCs in Buck-Boost converters, effectively match-
ing the optimisation strategy to the problem structure and achieving
substantial improvements in transient performance. While these stud-
ies underscore the relevance and versatility of modern optimisation
techniques, they typically focus on tuning specific controllers for par-
ticular applications and often optimise local performance metrics, such
as overshoot or settling time, without explicitly shaping the desired
closed-loop behaviour. In contrast, the methodology proposed in this
work offers a general, system-independent framework that embeds
convergence dynamics directly into the optimisation problem. This
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facilitates a principled and unified tuning process across diverse nonlin-
ear systems and controller architectures, as illustrated in the presented
wind turbine case study.

Inspired by the results in Pefia-Sanchez et al. (2024), this study
proposes a systematic and simple optimisation-based methodology for
tuning nonlinear controllers, while also covering linear control struc-
tures, and is particularly well-suited for applications involving strongly
nonlinear systems. A key feature of this approach is the explicit defi-
nition of target convergence closed-loop dynamic as a design specifica-
tion, which is integrated into the optimisation process. Simultaneously,
the entire control parametric structure is optimised to achieve the
desired closed-loop convergence dynamics. The optimisation problem is
formulated to enable controller tuning using global optimisation tech-
niques, with pattern search chosen for implementation due to its proven
effectiveness in this study, though other optimisation methodologies
may also be applicable. Two control methodologies are considered:
firstly, a super-twisting SMC, where stability constraints could be di-
rectly incorporated into the design algorithm; and secondly, a standard
PI controller, which is widely used in industry and academia. While
the proposed methodology is not restricted to these particular control
structures, their selection is motivated by their complementary char-
acteristics. The PI controller, as a special case within a broader family
of nonlinear controllers, provides a well-established and systematically
tunable approach that ensures steady-state convergence within defined
error tolerances. On the other hand, the super-twisting SMC represents
a robust nonlinear alternative, particularly suited for systems with
significant modelling uncertainties, without requiring precise model
knowledge, as in techniques like backstepping or feedback linearisa-
tion (Khalil, 1996; Slotine et al., 1991). Furthermore, the second-order
sliding mode formulation effectively mitigates chattering effects, mak-
ing it more suitable for practical implementation. For demonstration
and validation purposes, a wind turbine system is considered as an
illustrative application case. Thus, both control strategies are studied in
the context of a wind turbine model to assess their performance in man-
aging the highly nonlinear dynamics of energy systems. The optimally
tuned controllers are subsequently tested under various conditions,
including different convergence dynamics, specifically, exponential and
ramp target closed-loop responses, both of which are widely recognised
in control theory and industrial applications (Evangelista et al., 2013),
to further validate their effectiveness. To further evaluate the obtained
control structures, a realistic wind model, based on the Kaimal spec-
trum, is used to generate turbulent wind profiles (Kaimal & Finnigan,
1985). The results demonstrate that the optimisation method consis-
tently achieves optimal tuning solutions, effectively, when applicable
as discussed in Section 5, enforcing the desired convergence dynamics.
Notably, while this closed-loop specification enhances control per-
formance, it also reveals a fundamental limitation of each control
approach in achieving the defined target responses.

This work is motivated by the lack of systematic procedures for
tuning nonlinear controllers. Moreover, although nonlinear control
theory often guarantees stability or robustness, it typically overlooks
the influence of parameter selection on transient behaviour. As a result,
different tunings (though theoretically admissible) can lead to sig-
nificantly different closed-loop dynamics. The proposed methodology
addresses this gap by enabling a systematic, optimisation-based tuning
process that explicitly enforces desired convergence behaviours, thus
bringing nonlinear controller design closer to the goal-oriented strate-
gies traditionally associated with linear control. The main contributions
of this work are:

+ A simple, general optimisation-based tuning framework applica-
ble to both nonlinear and linear controllers;

« the explicit specification and enforcement of desired closed-loop
convergence dynamics (e.g., exponential or ramp behaviour) as
part of the tuning objective;
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+ a demonstration that even within the theoretical bounds of ro-
bust/stable nonlinear controllers, significantly different dynamic
behaviours may emerge depending on parameter tuning, an issue
directly addressed and exploited by the proposed methodology;

- integration of stability conditions into the optimisation formula-
tion to ensure safe and robust control action; and

« validation through the application to a wind energy system using
both a super-twisting sliding mode controller and a PI controller,
illustrating the flexibility and practical relevance of the proposed
approach across distinct control paradigms.

It is worth noting that, while the results include both PI and SM
controllers applied to three test scenarios, this is not a comparative
study. The inclusion of both controllers aims to illustrate the versatility
and applicability of the proposed tuning methodology to systems with
different levels of nonlinearity. Although both controllers are applied
across the same scenarios, this is not intended as a comparative study.
Rather, it aims to illustrate the broad applicability of the proposed
tuning approach. Aspects such as comparative robustness, control ef-
fort, or computational complexity of PI versus SM controllers are not
addressed in this study, since they fall outside its scope. Readers
interested in such comparisons are referred to existing studies in the
literature (e.g., Bendjeddou et al., 2021; Dekali et al., 2021; Haiqing
et al., 1996; Papageorgiou, 2022; Papageorgiou & Edwards, 2021;
Petronijevi¢ et al., 2017; Rubio et al., 2016; Sehab et al., 2023).

The remainder of this paper is organised as follows. Section 2 pro-
vides the analytical formulation of the proposed methodology, detailing
the optimisation framework and its integration into the controller
tuning process. Section 3 describes the considered control structures, in-
cluding the super-twisting sliding mode controller and the PI controller
used for comparison. Section 4 presents the application case of wind
turbine control, outlining the tuning process and evaluating the con-
trollers under different scenarios. Section 5 discusses the implications of
the findings, including the benefits and limitations of enforcing an ex-
plicit closed-loop convergence dynamic. Finally, Section 6 summarises
the main conclusions of the study and highlights potential directions
for future research.

2. Problem formulation and analytical description

This section introduces the mathematical formulation of the opti-
mal controller tuning problem. The objective is to determine a set of
controller parameters that minimise the deviation between the actual
closed-loop response of a nonlinear system and a predefined target
response. To this end, the system dynamics, the controller structure,
and the optimisation problem governing the tuning process are defined.

2.1. Nonlinear system model

Consider a nonlinear dynamical system S described by the state—
space representation

S= { x(1) = f(x(@),u®))
T v = gx(@), u)

where x(r) € R* represents the system state vector, u(r) € R™ is the
control input vector, and y(f) € R? denotes the system output vector.
The function f : R*XR"™ — R® characterises the system dynamics, while
g : R*xXR"™ — R defines the system output mapping. The function f(-)
exhibits the nonlinearities of the system. It is assumed that the system
is both controllable and observable under a suitable choice of control
input. It must be noted that, although the formulation is presented for
a general multi-input, multi-output (MIMO) system, the focus of this
work, particularly in the application case in Section 4, will be on single-
input, single-output (SISO) system. The application to MIMO systems
follows naturally from the presented methodology.

(€8]

Control Engineering Practice 165 (2025) 106585

2.2. Parameterised controller

The control input u(z) is generated by a parameterised controller Sy.,
which is itself a dynamical system with the state-space representation

s ={ %, = fr(x (1), e(1), ©)
ET w0 = gi(xi (), e(0), 0)

In Eq. (2), x,(r) € R? denotes the internal state of the controller, while
e(t) = r(t) — y(t) represents the control error, defined as the difference
between a reference input r(f) € R” and the system output y(r) € RP.
The vector ® € R”" comprises the ‘tunable’ controller parameters. The
function f, : R? xR? x R"” — RY characterises the controller dynamics,
while g, : R? xR? x R" — R"™ defines the control law.

The controller structure is not restricted to a specific form and may
encompass linear, nonlinear, or adaptive control strategies, such as
proportional-integral-derivative (PID) controllers, sliding mode con-
trollers, or model-based optimal controllers.

(2)

2.3. Target closed-loop behaviour

To define an optimal tuning criterion, the key variable of interest
is the target y,(), which represents the desired closed-loop behaviour
of the controlled system. The goal is for the controlled system to
exhibit this target output when subject to a reference excitation. To
achieve this, a system S, is proposed, which models the evolution of
the target output y,(r). While the specific formulation of the target
system can vary, the important consideration is that the system should
be designed to produce the desired output signal y,(r). The system
S, can be defined using nonlinear dynamics, offering the flexibility to
specify more complex closed-loop behaviours, though the approach is
not restricted to this formulation. The general formulation of the target
system S, is given by:

S, = { X4(0) = fy(x4(0), w(@)),
CZN ya®) = galxg(0), wio),

where the dynamics of the system S, are defined by f,; and g,, with the
primary focus being on the output y,(?). It is assumed that the system
S, exhibits well-defined stability properties, ensuring that the output
y4(#) remains stable and converges to the desired behaviour. However,
for simplicity and tractability, a linear target system can be employed
as a specific case. In this linear case, the target system is represented
by the linear time-invariant (LTI) state-space model:

= { X4() = Aygxy() + Byw(),

3

Ya() = Cyxy(@), @
where A, € R"*" B, € R"*! and C, € RP" define the dynamics
of the target system. The input w(¢) is an external excitation signal,
which can be chosen as a unit step function (Heaviside step), which
generates the desired closed-loop response. The matrix A, is assumed
to be Hurwitz, ensuring that the response is stable. A particularly
useful target response in many practical applications is the exponential
convergence to a steady-state value, which, assuming ¢+ > 0, can be
represented as:

vy =1-e"cos(wt), a>0, @>0. (5)

This formulation covers both overdamped and underdamped be-
haviours, where a governs the decay rate and w determines the oscil-
latory nature of the response. The case when @ = 0 corresponds to a
purely exponential decay, given by:

vy =1-e, a>0. (6)

This is a common approximation used for first-order system responses.
The optimisation process is aimed at ensuring that the controlled
response of the system, when subjected to a step input, closely matches
the prescribed exponential convergence behaviour. However, this
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framework is flexible and can accommodate more general target re-
sponses, as long as the system exhibits well-defined stability and
convergence properties. Finally, in the context of the exponential case,
an exponential convergence condition can be established for the error
e.(1), which represents the difference between the actual and desired
system responses. Thus, the optimisation procedure seeks to ensure that
the error behaves as follows:

e.(t) < Me™, 7)

where M is a constant, and « is the decay rate. This condition guaran-
tees that the error converges to zero with exponential decay, ensuring
that the behaviour of the controlled system closely matches the desired
target response.

2.4. Optimisation framework for controller tuning

The tuning process is formulated as an optimisation problem in
which the goal is to find the optimal parameter vector ©* that min-
imises the deviation between the actual system output y(r) and the
target response y,(¢). This objective is mathematically expressed as

O =arg rrgn J(O), (8)

where the cost function J(©) quantifies the error between the actual
and target responses. A typical choice is the least-squares error criterion

T
J(©) =/ (ya) = y()) dt. )
0

The optimisation is subject to constraints on the controller parameters,
which can be classified as linear constraints of the form

AO < b, (10)

which may encode parameter limits, gain restrictions, or robustness
margins, or nonlinear constraints of the form

¢(@) <0, a1

such as the conditions required for stability and robustness of the SMC.
The presence of nonlinear constraints generally leads to a nonconvex
optimisation problem, requiring numerical solvers for its solution.

2.5. Considerations on numerical implementation

Since system S is nonlinear, solving the optimisation problem in
Eq. (8) requires the numerical simulation of the closed-loop dynamics
for each candidate ©. Due to potential ‘nonsmooth’ behaviour, such
as discontinuities arising in SMC, numerical solvers designed for stiff
systems, such as ode23s or odel5s, are preferred over higher-order
methods that rely on smooth trajectories, as they offer better stabil-
ity and efficiency when handling rapid transients (The MathWorks,
2023Db). In general, for smooth scenarios, solvers like 0de45, based on
the Runge-Kutta method, can be effectively applied (The MathWorks,
2023b).

Furthermore, given the nonconvex nature of J(0), local gradient-
based methods may not be sufficient to guarantee convergence to a
globally optimal solution (SciPy Community, 2023; The MathWorks,
2023a) Consequently, global optimisation techniques such as pattern
search or genetic algorithms are employed to explore the parameter
space more effectively. Several numerical optimisation solvers can be
used for this purpose, including the one employed in this study (The
MathWorks, 2023a). To ensure practical implementability, additional
constraints on the controller parameters are imposed, restricting @
within a feasible range,

Oe [@mirn 6max]' (12)

To illustrate the overall implementation of the proposed tuning
methodology, Fig. 1 presents a high-level scheme of the complete
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offline procedure. The flowchart in Fig. 1 outlines a structured, three-
layer framework for the offline tuning and validation of control strate-
gies. Layer 3 involves the initialisation of all system components,
including the plant and controller models, numerical solvers, opti-
misation constraints, and target dynamics. It also defines the global
optimisation algorithm (e.g., particle swarm, genetic algorithms, pat-
tern search, etc.) and simulation settings. Layer 2 contains the core
optimisation loop, where successive controller parameter sets are evalu-
ated by repeatedly calling the objective function. This function executes
a closed-loop simulation (handled in Layer 1), computes the tracking
error or sliding surface, depending on the considered control scheme,
with respect to the reference signal, and returns a scalar performance
metric to guide the optimiser. The process continues until a stopping
criterion is satisfied. Layer 1 performs the closed-loop simulations
and post-optimisation validations using the optimal controller. The
method clearly separates tuning from deployment, highlighting its
offline nature and ensuring that performance is assessed only after
the optimisation phase has concluded. Additionally, optional elements,
such as the optimisation constraints highlighted by the dashed red line
in Fig. 1, may be incorporated in specific implementations. Generally,
optimisation parameters can be bounded, and nonlinear constraints can
be imposed to ensure analytical finite-time convergence conditions for
nonlinear control schemes using this set of constraints.

3. Considered control structures

In this section, two control schemes are selected to illustrate the
reach of the proposed optimisation-based tuning methodology. While
the methodology itself is not constrained to a specific control structure,
the chosen schemes encompass key requirements commonly encoun-
tered in control design.

The first control scheme considered is the PI controller (Section 3.1),
a widely accepted approach in industry, academia, and educational
environments. As a particular case within a broader family of nonlinear
controllers, the PI scheme benefits from systematic tuning procedures,
which can be guided by empirical rules or analytical methods, such as
pole placement. Moreover, in general real-world applications, given a
predefined steady-state error tolerance, the controller can be tuned to
ensure convergence within the desired bounds.

The second scheme involves a super-twisting SMC (Section 3.2), a
robust nonlinear control strategy particularly suited for systems with
significant uncertainties and modelling errors. In addition, SMC are
well-established within the control community. Unlike other nonlinear
control techniques, such as backstepping or feedback linearisation,
which require precise model knowledge to implement the necessary
diffeomorphism in the feedback path (Khalil, 1996; Slotine et al.,
1991), sliding mode control remains effective under model uncertain-
ties. Within this framework, second-order sliding mode algorithms,
such as the super-twisting approach, provides a smooth control action
that mitigates the chattering effects, typically observed in first-order
implementations, making it more feasible for practical applications.

3.1. Proportional-integral controller

A widely used control strategy for systems requiring compensation
of steady-state errors is the PI controller. The PI control law in the time
domain is given by

t
u(t) = Kje(t) + K, / e(t)dT + Uy, (13)
0

where K| and K, are the proportional and integral gains, respectively,
and e(r) is the error signal, defined as the difference between the output
¥(t) and the reference r(¢), i.e., e(t) = r(t)— y(t) (see Goodwin et al., 2001
for a detailed discussion of P, PI, as in Eq. (13), and PID controllers,
as well as polynomial control approaches in general). The term u,,
represents the equilibrium control trajectory term, which ensures that
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Fig. 1. Flowchart of the offline controller tuning framework, organised in three layers: initialisation (Layer 3), iterative optimisation (Layer 2), and closed-loop
simulation and validation (Layer 1). The scheme emphasises the fully offline nature of the approach. The dashed red line represents an optional interaction used,
for example, in the definition of constraints. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this

article.)

the system remains at the desired operating point. This term is crucial
for maintaining the steady-state performance of the system, particularly
in ensuring that the system output stabilises at the desired value'.

To express the PI controller in a state-space form, an auxiliary state
variable x, (1), representing the integral of the error, is introduced:

X @) =e@), u)=Ke@)+ Kyx(t) + iy (14

In this formulation, the controller state vector is x,(f) € R, and the
dynamics of the controller are defined by:

fi(xp,e,0) =e, (15)
where f; represents the evolution of the auxiliary state x, (7).

The control law is given by:
8i(xy,e,0) = Kje + Kyx; + g, (16)

where g, defines the control output in terms of the state variables and
the tuning parameters K; and K,.
The parameter vector for the PI controller is then given by:

_ & 2
@_[Kz] €R

a7

3.2. Super-twisting sliding mode controller (STSMC)

The STSMC is a robust and nonlinear control law designed to drive a
sliding variable o(¢) of relative degree one and its first time derivative
to zero in finite time, thereby ensuring that the system state follows
the desired trajectory despite model uncertainties and external distur-
bances (Fridman et al., 2015; Shtessel et al., 2014). In SMC the variable
o(t) (often referred to as the sliding function) is typically constructed
as a linear or nonlinear combination of measurable system states. It
is usually defined as a tracking error or a function tailored to encode

! The signal u,, is sometimes referred to as the equilibrium or nominal term
in control literature, as it represents the steady-state value required to maintain
the desired operating point of the system.

the control objectives. STSMC can also be interpreted as a nonlinear PI
control strategy, the control action enforces convergence to the sliding
manifold or surface (¢(t) = 6(t) = 0) in higher-order SMC schemes such
as STSMC, exhibiting strong robustness features. The dynamics of the
sliding variable for a generic system are typically expressed as:

6(1) = h(x(1) + P(x(1))u(D), 18

where h and ¢ are unknown functions of the state of the system x(¢)
with bounded derivatives, and u(¢) is the control input.?
The super-twisting control law is given by Shtessel et al. (2014):

U=y +uy+ iy, 19
where, starting with u; for simplicity,

1
u; = —K;|o|2 sign(o), (20)

with K, is a positive constant that regulates the convergence rate,
1

|o(#)|2 modulates the control effort to reduce chattering, and u, is an

auxiliary control term ensuring smooth control action, and finally, in

Eq. (19), u,,, is the equilibrium trajectory, introduced in Eq. (13). The
dynamics of u, are given by:
—u, if [u| > Uy,
ip={ % Ul O @1
—K, sign(o), iflu|l < Uy,

where U,, is a saturation limit and K, is a positive constant determin-
ing the convergence speed when |u| < U,,. To express the STSMC in
a state-space form, an auxiliary state variable x, (), representing u,, is
introduced:

(22)

—K, sign(o),

1
o= —(x, — K,|o|2 sign(o)), ifd> Uy,
ifA<U,,,

2 From now on, the dependence on time ¢ is omitted when clear from the
context.
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1
where 4 = |x, — K| |o|2 sign(c)|. Thus, in the parameterised controller
framework, the controller dynamics are given by:

1 .
e e.0) = {—(xk -k, o] sign(o)), %fA > Uy, 23)
—K, sign(o), ifA<Uy,.
The output mapping g(-) is expressed as
1
g (xg. €, 0) = x; — K |o]2 sign(o) + u,,, 24)

which includes the equilibrium control trajectory term, introduced in
Eq. (19).
The overall control input can then be written as:

u(t) =u (t) +uy(t) +u (25)

eq’

where u,(r) represents the proportional action, u,(r) is the integral
(super-twisting) component, and u,, is the equilibrium control trajec-
tory term (see Eq. (13)).

The parameter vector O is defined as:

K,
0=|K, |eR’, (26)
UM

where K; and K, regulate the convergence rate and smoothness of
the control law, while U,, serves as an additional tuning parameter
controlling the saturation threshold. However, U,, can be fixed based
on system constraints or prior knowledge, in which case it is removed
from the set of tuning parameters, reducing © to a two-dimensional
vector:
o= [K'] eR?, 27)
K,

as considered in the application case in Section 4.

Based on standard results in the sliding mode control literature, the
following assumptions are required to ensure finite-time convergences,
stability, and robustness:

|h()] + ()| Uy < C, (28)
0<K, <¢(x) <Ky, 29

[h()| < qlp()|Upy> g € (0, 1), (30)

where C, K,,, K,;, and ¢ are constants that define system robustness.
From the assumptions in Egs. (28), (29), and (30), and following the
results presented in Shtessel et al. (2014), it is possible to derive explicit
sufficient conditions that ensure finite-time convergence of the STSMC.
These conditions, typically nonlinear inequalities involving the gains
and system bounds (e.g., K,,, K, C, and ¢), are well-established in
the literature and can be directly applied to validate the stability of
a given gain configuration. However, in this study, these convergence
conditions are not embedded in the optimisation to avoid prematurely
restricting the parameter search space. This allows broader exploration
during tuning. Final gains are verified a posteriori to ensure they meet
the theoretical stability requirements. It is also worth noting that, in
practical applications, such nonlinear constraints, if desired, can be
readily integrated into most global optimisation frameworks, such as
those available in MATLAB (The MathWorks, 2023a) or Python (SciPy
Community, 2023). Therefore, although these constraints are omitted
in the application case presented here to highlight methodological flex-
ibility, they can be seamlessly incorporated in other implementations
if required.

3.2.1. Implementation in this study
In this work, the sliding variable ¢ is defined using the error:

o(1) = e(®) = r(t) = y(), (31)
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where r(7) is the reference trajectory and y(z) is the actual output of the
system.

For a comprehensive discussion on sliding mode control and super-
twisting control, the interested reader is referred to Fridman et al.
(2015), Shtessel et al. (2014).

4. Application case: Wind turbine control

To validate the tuning methodology presented in this work, a model
describing the dynamic behaviour of the wind energy conversion sys-
tem (WECS), as detailed in Section 4.1, is considered. This model
captures the key aerodynamic and electromechanical interactions, in-
cluding the turbine dynamics, generator characteristics, and control
actions applied to the system. The wind conditions driving the system
are characterised in Section 4.2, providing a realistic representation of
the turbulent wind field acting on the turbine rotor. A comprehensive
simulation framework, as presented in Section 4.3, is considered for
the evaluation and validation of the proposed tuning approach under
realistic operating scenarios. Finally, the results obtained with the PI
and the STSMC are presented in Sections 4.4 and 4.5, respectively.

4.1. The wind turbine model

This study considers a variable-speed wind turbine connected to
the grid through a doubly-fed induction generator (DFIG) operating
in a static Kramer drive topology. A comprehensive electromechanical
description of the system can be found in Evangelista et al. (2013).
In this configuration, the stator directly injects power into the grid,
and additionally, a fraction of the rotor power is recovered via an
electronic converter composed of an uncontrolled rectifier bridge, a
ripple-smoothing inductor, and a controlled rectifier acting as an in-
verter. The generator torque and, consequently, the operating speed of
the turbine can be regulated by adjusting the firing angle 6 in the rec-
tifier of the converter. This topology enables variable-speed operation
while maintaining a grid-synchronised frequency, reduces the required
power electronics rating by processing only the recovered rotor power,
and allows for precise control of the generator torque (Baroudi et al.,
2007a; Spée et al., 1995). The wind energy conversion system analysed
in this study is selected to provide a representative and industri-
ally relevant application context for evaluating the proposed tuning
algorithm. Among the different technologies deployed in the wind
energy sector, the DFIG remains one of the most widely used due
to its capability for variable-speed operation while maintaining grid-
synchronous frequency. DFIG-based configurations with partial-scale
power electronics represent a well-established topology in medium-
scale wind farms (Baroudi et al., 2007b; Bianchi et al., 2007; Bose,
2002; Munteanu et al., 2008). The specific system adopted in this work
is based on the static Kramer drive, which allows for partial rotor power
recovery and can be effectively modelled as a single-input, single-
output system. This characteristic simplifies the implementation of both
linear and nonlinear control strategies (De Battista et al., 2001; Evan-
gelista et al., 2010a, 2010b; Mayosky & Cancelo, 1999; Puleston et al.,
2000). Although less common in modern commercial deployments, the
static Kramer drive remains a cost-effective and technically instructive
configuration, with practical relevance in legacy and research-oriented
setups. Moreover, since the generator torque remains within rated
limits and the primary aim is to assess control performance, a simplified
model is adopted, following prior works (Evangelista et al., 2013).
Overall, the selected configuration provides a meaningful platform to
demonstrate the capabilities of the proposed tuning method. Thus, the
adopted model belongs to a class of control-oriented wind turbine rep-
resentations that balance physical fidelity with analytical tractability.
Such models are standard in the wind energy control literature and
are frequently used to test and compare advanced control strategies
before transitioning to full-order aeroelastic simulators (Bianchi et al.,
2007; Boersma et al., 2017; Evangelista et al., 2013). This intermediate
level of complexity is particularly suited for developing and validating
tuning methodologies, as it preserves the key nonlinear dynamics and
performance-relevant interactions of the turbine-generator system.
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Operating regions

Wind turbine operation is typically divided into four regions, each
associated with different control objectives and energy conversion
strategies (Bianchi et al., 2007; Burton et al., 2011). At low wind
speeds, the turbine remains idle as the available power is insufficient
to overcome mechanical losses. Once wind speed exceeds the cut-in
threshold, the system enters the partial-load region, where the turbine
adjusts its rotational speed to maintain the optimal tip-speed ratio i*,
maximising the aerodynamic efficiency. In the full-load region, the
extracted power is limited to its rated value to prevent mechanical and
electrical overload, typically via pitch control. Finally, at excessively
high wind speeds, the turbine is shut down to avoid structural damage.
For this study, the second region (partial-load region) is considered for
the application case, as described in the following®.

For optimal energy extraction in the partial-load region, the turbine
rotational speed tracks the reference speed

Qef®) =r(t) = %U(I), (32)

where v is the wind speed and R is the rotor radius. The extracted
power is given by

P = %Irpchp(i)v3, (33)

where p is the air density, and Cp(4) is the power coefficient, which
quantifies the efficiency of the turbine in converting wind energy into
mechanical power. This coefficient depends on the tip-speed ratio,
defined as

_or

yl (34
[

The aerodynamic torque exerted on the rotor is given by

T, = %erR3Ct(ﬂ)vz, (35)

where C,(4), the torque coefficient, is related to the power coefficient
as

(36)

C,(D)
Ct(/l) = 1
Thus, while C,(4) characterises power extraction efficiency, C,(1) rep-
resents how the aerodynamic torque varies with the tip-speed ratio. In
this study, C,(4) is approximated using a third-order polynomial:

C,(A) = max(0,c34% + ;A% + ¢; A +¢;), 0 < 4 <500, 37)

where the range 0 < A4 < 500 is chosen to ensure consistency with
the wind turbine model under consideration (Evangelista et al., 2013).
The max operator guarantees a non-negative approximation of C,, pre-
serving the physical meaning of this coefficient in the characterisation
of wind energy systems. This approximation ensures smooth variation
across the relevant operating range, enabling efficient modelling of
turbine dynamics.

The system dynamics are governed by Newton’s second law and can
be expressed in state-space form as:

€8 _ 2+, (38)
where Q is the rotational speed (state variable), T, is the aerodynamic
torque as defined in Eq. (35), and T, is the generator torque. The
parameter J represents the total inertia of the rotating components.
Eq. (38) thus represents a first-order state—space model of the rotational
dynamics of the wind turbine. To complete the definition in Eq. (38),
the generator torque follows

o i, Wi (,_pa).

11— £

(39

¢ 4R, o R,

s (0]

s

3 For the model described in the following, a rigid drive train is assumed,
and all turbine variables are referred to the fast shaft (or generator side) by
applying the transmission ratio k,, of the gearbox (see Table 1).
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Table 1
Wind turbine and generator parameters.
Symbol Value Description
p 2 Generator pole pairs
fs 50 Hz Electrical frequency
[N 2z f, rad/s Stator field angular speed
V, 460 V//3 Phase voltage RMS
n 1.2 Stator-to-rotor turns ratio
ny 1.2 Stator-to-inverter turns ratio
n ny/ny Transformer turns ratio
R, 0.238 Q2 Rotor resistance (stator side)
R, 0.0259 @ DC link resistance
R, R, +0.55R, Nominal resistance
R 6.75 m Blade radius
kgp 19.85 Gearbox transmission ratio
Jr 2237.65 kg m? Inertia of the turbine rotor
(turbine side)
J, 5.679 kg m? Inertia of the turbine rotor
(generator side)
Jy 1.3833 kg m? Inertia of generator rotating parts
J 5K+, Total inertia
) 1.2242 kg/m? Air density
C,(4) ¢ =1.191x 107 Turbine torque coefficient

(polynomial coefficients):
¢ =—1.03x 107
¢, =2214%x107*
o =—1.142x 1072

The variables are referenced to the generator side as follows: T, = kL and Q = Q% k,,

»
where the superscript x denotes the values at the turbine side, where k,, denotes the
transmission ratio of the gearbox.

%1073
0.4 .
~ 03 2 _
= <
0.1 C,(A) = = =C(Y)
0 I I I :. ] 0
80 100 120 140 160 180 200
A+

A

Fig. 2. Characteristic curves of C,(4) and C,(4), as functions of A. The values
of A on the x-axis are referenced to the generator side, while for the turbine
side, A* = 4/ky,. C,(2) exhibits a unique maximum at 4, corresponding to
the most efficient energy conversion point.

opt?

where, u = | cos(6)| represents the control input, which modulates the
generated torque. The model parameters, summarised in Table 1, define
the electrical and mechanical characteristics of the turbine-generator
system. This framework serves as the basis for designing and evaluating
control strategies aimed at optimising energy conversion efficiency in
variable-speed operation.

Fig. 2 shows the resulting C,(4) and C,(4) curves, indicating the
location of A* = 159.01, corresponding to the maximum C,. In Fig. 2,
the values of 4 on the x-axis are referenced to the generator side, while
for the turbine side, A* = A/k,.

It is important to note that, although the model used in this study
is based on a DFIG with a static Kramer drive, the proposed tuning
methodology is not limited to this configuration. The approach gener-
alises to a broad class of systems, including, but not limited to, wind
turbines. As such, the selected model serves as a representative but non-
restrictive platform to illustrate the tuning process, allowing for clear
exposition of the methodology without loss of generality. This model-
agnostic nature is particularly relevant for practical deployment across
diverse turbine architectures.
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4.2. Wind field model

The wind profile is generated using a stochastic model based on
the Kaimal spectrum (Kaimal et al., 1972), which defines turbulence
characteristics following the IEC 61400-1 standard (International Elec-
trotechnical Commission, 2019). The longitudinal wind fluctuations are
modelled through the power spectral density (PSD):

40'3 L 1

U (Q+6fL/Uy/
where ¢, is the turbulence intensity, L the turbulence length scale, U
the mean wind speed, and f the frequency. This formulation captures
both low-frequency variations and high-frequency turbulence, ensuring
consistency with real wind conditions.

To generate a time-domain wind profile, a spectral synthesis ap-
proach is employed:

Su(f) = (40)

1. A frequency representation is defined based on the simulation
parameters.

2. The Kaimal spectrum is applied to shape the turbulence charac-
teristics.

3. Random phase components ensure a stochastic nature.

. An inverse Fourier transform reconstructs the wind fluctuations.

5. The resulting signal is adjusted to match the desired mean wind
speed.

N

This ensures a realistic wind profile consistent with observed turbu-
lence properties (Stull, 2012). An example of a wind profile obtained
with ¢, = 1 m/s (moderate turbulence), L = 500 m (large-scale turbu-
lence structures), and a mean wind speed of 10 m/s is shown in Fig. 3.
The Kaimal spectrum-based turbulence model used here, together with
spectral synthesis and moderate turbulence intensity, is consistent with
IEC 61400-1 recommendations (International Electrotechnical Com-
mission, 2019) and reflects typical offshore or coastal wind resource
conditions. This modelling approach provides inflow dynamics that
are both stochastic and representative of realistic industrial scenar-
ios. While the tuning methodology is developed using an analytical
model, it is validated within a more complete and realistic simulation
framework, consistent with industry practices. The simulation incor-
porates stochastic wind inflow generated from the Kaimal turbulence
spectrum, an appropriate solver and integration method, and realistic
turbine and generator parameters. Initial simulation tests are conducted
using stepped wind profiles, which facilitate a clearer visualisation and
evaluation of the dynamic response of the system under the controller
gains obtained from the proposed tuning method. Subsequently, the
wind inflow model is refined to incorporate turbulence characteristics
derived from the Kaimal spectrum and wind profiles compliant with
IEC standards, parameterised for a representative geographic location.
By selecting a low-turbulence case (o, = 1 m/s), the simulated wind
fields align with conditions typically observed in stable atmospheric
boundary layers over large water bodies or coastal plains. The scenario
depicted in Fig. 3 is characteristic of offshore and coastal environments
with moderate wind variability and low turbulence intensity (Bur-
ton et al.,, 2011; Stull, 2012). Such conditions are commonly found
in regions like the Argentine Sea near Patagonia, where the atmo-
spheric boundary layer remains relatively stable (Guozden et al., 2018;
Labriola, 2020).

4.3. Assessment setup

The assessment is structured into two main subsections, each focus-
ing on the performance of one of the controllers: the PI controller and
the Super Twisting SMC. Both controllers, whose frameworks are out-
lined in Section 3, regulate the system output £(¢), which corresponds
to the variable y(¢) in Eq. (1). The system responses obtained with the PI
and SM controllers are denoted as Qp(¢) and Qg (?), respectively. To
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Fig. 3. Synthetic wind speed profile generated based on the Kaimal turbulence
model, representing a moderate turbulence scenario with ¢, = 1, a length scale
of L =500 m, and a mean wind speed of U = 10 m/s. This profile is used to
simulate realistic inflow conditions for the wind energy system.

maintain consistency with the specific application, the variables y,(t)
and w(t), introduced in Eq. (3), are referred to as Q,(t) and 2,,(1),
respectively, in the tuning process results, where £,(r) defines the
target dynamic.

The tuning process aims to shape the closed-loop response based
on predefined target behaviours, considering two distinct reference re-
sponses: an exponential response and a ramp response. The exponential
response, introduced in Eq. (5), is characterised by variations in the
decay rate « and oscillation frequency w. On the other hand, the ramp
response follows a segmented structure: starting at the initial condition,
transitioning through a linear increase over the time interval ¢,, and
ultimately stabilising at a constant final value. Thus, the exponential
response is given by:

'Qini’ t < te
Q4() = { Qini + (QLeng — Lin) (1 — 7901 1)
X cos(a(t = 1)), t>1,.

where 7, represents the step change time, and the damping and oscil-
latory behaviour are governed by the real and imaginary components
of @ +jw, while 2;; and 2,4 are the initial and final reference values.
Similarly, for the ramp reference trajectory, the reference remains
constant at £;,; for ¢ < ¢, transitions linearly from £, ; to 2.4 with
a slope of Lend~ini during 7, <t < t, +1,, and stabilises at Q.4 for
t> 1, +1,. This is represented by:

‘Qini’ t< tc’
Qong — Qi
Q1) = § Qi+ —E— G~ 1), 1 <UL (42)
e
Qends 1> 1, +1,.

The motivation for incorporating the exponential response arises
from its status as a well-established benchmark in control theory, offer-
ing a clear reference for performance assessment in linear systems. In
contrast, the ramp response is chosen because it reflects the finite-time
convergence characteristics typical of SMC strategies, while preserving
a response that qualitatively aligns with the piecewise continuous
trajectories often observed in SMC. This dual approach, based on the
considered exponential and ramp signals, enables a more comprehen-
sive evaluation, highlighting the natural strengths and limitations of
both PI and SM controllers in their respective dynamic contexts.

To thoroughly evaluate both controllers under various conditions,
three main assessment scenarios are considered:

» Scenario 1: Response to exponential and ramp references.
This scenario evaluates the ability of the controllers to track
predefined closed-loop behaviours, using both exponential and
ramp responses. For the optimisation-based tuning procedure
presented in this section, an initial wind speed of v;,; = 10m/s is
considered, followed by a 10% variation, resulting in a final wind
speed of 11 m/s. This variation corresponds to rotational speeds of
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Qi = 235.70rad/s, and Q.4 = 259.27rad/s, respectively, given
the optimal tip-speed ratio A* and wind turbine radius R (see
Table 1 and Fig. 2). The wind speed value is selected following
the nominal wind turbine characteristics. In this scenario, the fol-
lowing parameter ranges are considered for the exponential and
ramp responses: « € {1,2, 5, 15}, w € {1, 2, 5, 15}, and ¢,, for the
ramp response, € {0.25, 5, 10, 12}. Additionally, 7, = 0.1 s. This
setup ensures that a comprehensive range of tuning parameters
is explored to assess the performance of the controllers under
various conditions.

Scenario 2: Response to stepwise wind speed variations. In
this scenario, the controllers are tested through a series of step-
wise changes in the reference signal ©,.¢(7), spanning the dynamic
range of wind speeds from 8 m/s to 12m/s. The objective is to
assess the transient response of the closed-loop system and eval-
uate the ability of the controllers to handle abrupt shifts across
an extended dynamic range. The system response is analysed by
tuning the controllers based on the exponential target response
for various values of a € {5, 10} while keeping @ = 0, enabling a
systematic comparison of performance variations.

Scenario 3: Response under a realistic wind profile. This
scenario evaluates the ability of the controllers to track a wind
profile synthesised as outlined in Section 4.2, which includes
both steady and turbulent wind components. The reference tra-
jectory Q,.¢(f) simulates realistic wind fluctuations (rotational
velocity) over a 50-second period. The performance is assessed by
tuning the controllers based on the exponential target response
for « € {5,20} while maintaining @ = 0. This allows for a
detailed comparison of how the controllers handle the trade-off
between tracking accuracy and closed-loop filtering, especially in
the presence of high-frequency fluctuations in the wind profile.

To enhance clarity in the visual representation of results, some
plots adopt a ‘neutral red’ legend for general line styles, while spe-
cific colours are applied directly in the figures. This strategy reduces
redundancy while maintaining visual consistency.

For the SM controller, the nonlinear finite-time convergence con-
straint, derived from Egs. (28), (29), and (30), are intentionally ex-
cluded during the initial search phase. This decision aims to enable the
optimisation algorithm to freely explore the parameter space, without
prematurely restricting the search to regions that strictly satisfy the
convergence conditions. As a result, the parameters K,,, K,,, and C,
which are directly linked to the aforementioned equations, are not
enforced at this stage of the tuning process. However, before accepting
a final solution, the obtained parameters are verified to ensure they
remain within the theoretical framework of the controller, preserving
the necessary conditions for stability and robustness. This approach is
considered to fully validate the exploration capability of the tuning al-
gorithm, although, in more rigorous implementations, these constraints
can be directly incorporated into the optimisation problem. It is worth
noting that, in the vast majority of practical SM controller implementa-
tions, a final manual tuning step, often based on simulations, is applied,
which may result in parameter selections that lie even outside the the-
oretical regions for robustness and stability due to the conservativeness
of such constraints. However, this discussion is beyond the scope of this
study, which focuses on the tuning methodology and its consequences
on closed-loop dynamics. Finally, the variable U,, in Eq. (21) is set
to 1, reflecting the theoretical and practical upper bound of the control
input u = | cos(8)|, which remains strictly below 1 due to the operational
range of the firing angle § € (90°, 180°) in the considered inverter-based
topology (Cadirci & Ermis, 1992; Puleston et al., 2000).

Assessment setup and target closed-loop behaviour summary

To summarise, the closed-loop behaviour is implicitly defined
through the optimisation framework, which shapes the system output
Q(t) to track a desired trajectory 2,(r) in response to changes in the
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reference signal Q,.¢(7) (or £,,(¢) for the tuning stage). Specifically, the
optimisation (see Eq. (8)) aims to minimise the tracking error between
Q(t) and 2,(r) by tuning the controller parameters ©. The desired
trajectory £2,(¢) is a ‘filtered’ version of the reference Q,,(r) and reflects
a targeted closed-loop response that encodes performance specifications
such as settling time or steady-state slope. Two target behaviours
are considered in this study: an exponential response and a ramp-
like response, defined in Egs. (41)-(42), which serve as performance
benchmarks within the tuning framework.

The role of the tracking error is further emphasised within the
control laws: for the PI controller, the error e(t) = Q.¢(r) — Q(1) is
used directly in the feedback; for the SM controller, a sliding variable
o(t) = Q¢(t) — (1), with the corresponding sliding surface given by
o(t) = 0, is defined to enforce finite-time convergence. Although the
desired trajectory £2,(t) is used during the controller tuning stage to
encode a specific closed-loop response, the actual control laws operate
based on the real-time tracking of the reference Q,.((r) via either e(t)
or o(t), depending on the controller. This setup establishes a clear
connection between the offline optimisation, the design of the reference
trajectory, and the resulting closed-loop dynamics.

For both PI and SM controllers, the task is to tune the parameter
vector O = [k, k,] by solving the following optimisation problem:

T
min /O (Q) - 2,0)* di

subject to:  x,(t) = F(x.(1), 2,(1), O), 43)
Q) = G(x. (1),
OeP, utel,

where x,(f) = [x' (1), xZ(t)]T is the augmented state combining the plant
and controller states, and F(-) represents the closed-loop dynamics
obtained by embedding the controller into the plant:

x(t) = f (x(0), g (x; (1), e(1),0))
X (1) = fr(x, (@), e(), ©),

e(t) = Q,,(t) — g(x(1), u(®)),

Q1) = g(x(1), u()),

as defined in Egs. (1), (2), and (3). The desired trajectory £,(t) is
defined as a filtered version of €..(f), encoding performance spec-
ifications such as rise time or convergence slope. This formulation
ensures consistency with the fully offline methodology presented in
Fig. 1, where the optimiser operates over repeated closed-loop sim-
ulations using this closed-loop model. Ultimately, for the application
case presented in this section, this study employs MATLAB’s Global
Optimisation Toolbox (The MathWorks, 2023a), with a focus on pattern
search-based routines. Pattern search is selected due to its effectiveness
in handling the nonsmooth and constrained nature of the underly-
ing optimisation problem, making it particularly suitable for practical
implementation.

(44

4.4. PI control results

4.4.1. Scenario 1

Figs. 4, and 5, present the results of the PI targeting the exponential
response, while Fig. 6 presents the results for the PI controller tuned
to target the ramp response. Specifically, Fig. 4 shows the effect of
varying a« € {1,2,5,15}, while Fig. 5 explores different values of
o € {1,2,5,15}. In contrast, Fig. 6 illustrates the ramp response case,
considering transition durations 7, € [0.25, 5, 10, 12].

The PI controller shows outstanding performance in the exponential
cases (Figs. 4 and 5), achieving near-perfect tracking across all tested
values of @ and w. Conversely, for the ramp reference case (Fig. 6), the
PI controller exhibits lower performance, showing clear limitations in
accurately replicating the ramp family of signals.
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Fig. 4. PI (dashed with circular markers) controller responses with an expo-
nential 2, for « € [1,2, 5, 15] with = 0 (overdamped response). Lighter
colours indicate increasing a. Markers highlight sampled points along the
trajectories. The red colour in the legend is a neutral reference to indicate
the line style. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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Fig. 5. PI (dashed with circular markers) controller responses with an expo-
nential Q, for a« = 5 with @ =€ {1,2, 5, 15} (overdamped response). Lighter
colours indicate increasing a. Markers highlight sampled points along the
trajectories. The red colour in the legend is a neutral reference to indicate
the line style. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

4.4.2. Scenario 2

The results presented in Fig. 7 demonstrate that the PI controller
effectively tracks the stepwise changes in Q,(f) across the entire
dynamic range. The response remains highly consistent with the tuning
results in Figs. 4 and 5, exhibiting smooth transitions with no overshoot
and convergence to the reference. Increasing « leads to an improvement
in tracking speed, reducing the settling time and enhancing accuracy.
This behaviour aligns with the expected closed-loop response, confirm-
ing the robustness of the PI controller under abrupt variations in the
reference signal.

4.4.3. Scenario 3

The results shown in Fig. 8 highlight the performance of the PI
controller when tracking a synthetic wind profile. As « increases, the
reference tracking speed improves, leading to faster convergence to the
reference trajectory £2,..¢(7). In the zoomed-in section between approx-
imately 33 and 33.5 s, the PI controller demonstrates filtering of the
turbulent wind fluctuations. At lower a values, the turbulence is more
smoothly filtered out, with minimal tracking of high-frequency com-
ponents, but also with a degraded performance in the low-frequency
components. However, as « increases, the controller begins to repli-
cate the high-frequency fluctuations of the turbulence more closely,
indicating a trade-off between tracking accuracy and the degree of

10
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Fig. 6. PI (dashed with circular markers) controller responses with a ramp
reference Q, for 17, € {0.25,5,10, 12}. Lighter colours correspond to increasing
values of ¢,. Markers highlight sampled points along the trajectories. The red
colour in the legend is a neutral reference to indicate the line style. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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Fig. 7. Stepwise wind profile experiment. PI (dashed with circular markers)
controller responses for « € {5, 10} and w = 0. Lighter colours indicate
increasing a. The reference signal 2, .¢(7) is shown as a black dahs-dotted line.
The red colour in the legend is a neutral reference to indicate the line style.
(For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)

closed-loop filtering. This shows that with larger «, the PI controller
becomes more responsive to the rapid variations in the synthetic wind
profile, potentially improving the tracking of transient behaviours but
also introducing more sensitivity to high-frequency fluctuations, which
could be undesirable in practical applications.

4.5. Super twisting SMC control results

4.5.1. Scenario 1

Figs. 9 and 10 present the results of the SM controller targeting
the exponential response, while Fig. 11 shows the results for the ramp
response case. Specifically, Fig. 9 illustrates the effect of varying a €
{1,2,5,15} with @ = 0, where the controller achieves a moderate level
of performance, albeit with limitations in replicating the overdamped
target response. Fig. 10, on the other hand, highlights the considerable
challenges in tracking oscillatory references. Among the cases consid-
ered, the controller exhibits the best (though still limited) performance
for w = 15, yet it struggles to accurately reproduce the oscillations. In
contrast to the PI case, Fig. 11 shows that the SM controller excels in
tracking the ramp response, achieving high accuracy across all transi-
tion durations 7, € {0.25,5, 10, 12}. The controller exhibits a strong rise,
with virtually perfect tracking during the second segment of the target
ramp, albeit with a slight overshoot upon reaching the final value Q4.
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Fig. 8. Realistic wind profile experiment. PI controller (dashed with circular
markers) responses for a € {5, 20} and w = 0. The reference trajectory £2..(t)
is depicted as a black dash-dotted line. A zoomed-in view of the time window
between approximately 33 and 33.5 s highlights the tracking performance.
Lighter shades represent increasing values of a.
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Fig. 9. SM (dotted with cross markers) controller responses with an exponen-
tial 2, for « € {1,2, 5, 15} with w = 0 (overdamped response). Lighter colours
indicate increasing a. Markers highlight sampled points along the trajectories.
The red colour in the legend is a neutral reference to indicate the line style.
(For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)

4.5.2. Scenario 2

The results presented in Fig. 12 show that the SM controller suc-
cessfully tracks the stepwise changes in Q..(#), achieving the final
value with an overdamped response, as specified in the tuning process.
This behaviour is desirable, ensuring smooth convergence without
oscillations. However, in contrast to the PI controller, the SM response
exhibits noticeable variations depending on the step magnitude and
the dynamic range, leading to differences in transient behaviour across
the tested conditions. These variations are characteristic of nonlinear
systems, where the transient response can significantly depend on the
input magnitude and operating conditions. While the controller consis-
tently reaches the reference, these variations highlight its sensitivity to
abrupt changes, distinguishing its performance characteristics from the
more uniform responses observed with the PI controller. Additionally,
increasing a leads to an improvement in tracking speed, reducing the
settling time and enhancing accuracy. This behaviour aligns with the
expected closed-loop response.

4.5.3. Scenario 3

The results shown in Fig. 13 illustrate the performance of the
SM controller when tracking a synthetic wind profile. As with the PI
controller, the SM controller improves its tracking speed as « increases,
leading to faster convergence to the reference trajectory £2..¢(r). At
lower « values, the controller demonstrates a smoother filtering of the
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Fig. 10. SM (dotted with cross markers) controller responses with an expo-
nential £, for « =5 with w € {1,2, 5, 15} (damped response). Lighter colours
indicate increasing w. Markers highlight sampled points along the trajectories.
The red colour in the legend is a neutral reference to indicate the line style.
(For interpretation of the references to colour in this figure legend, the reader
is referred to the web version of this article.)
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Fig. 11. SM (dotted with cross markers) controller responses with a ramp
reference Q, for 1, € {0.25,5, 10, 12}. Lighter colours correspond to increasing
values of 7,. Markers highlight sampled points along the trajectories. The red
colour in the legend is a neutral reference to indicate the line style. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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Fig. 12. Stepwise wind profile experiment. PI (dashed with circular markers)
and SM (dotted with cross markers) controller responses for « € {5, 10} and
® = 0. Lighter shades indicate increasing a. The reference signal Q..(t) is
shown as a black dotted line. The red colour in the legend is a neutral reference
to indicate the line style. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

turbulence, with minimal response to high-frequency fluctuations but
also showing degradation in tracking the low-frequency components.



D. Garcia-Violini et al.

350

Q [rad/s]
w
8

N
a
S

200

25 30
Time [s]

20

Fig. 13. Realistic wind profile experiment. SM (dotted with cross markers)
for a € {5, 20} and w = 0. The reference trajectory €, .¢(r) is shown as a black
dash-dotted line. A close-up view of the time span between (approximately)
33 and 33.5 s is shown, highlighting the tracking performance. Lighter shades
indicate increasing a values.

As « increases, the SM controller becomes more responsive to the
high-frequency components of the turbulence, closely replicating these
rapid variations. This behaviour, while improving transient tracking,
introduces a trade-off between tracking accuracy and closed-loop fil-
tering, similar to the PI controller. However, in the fast a case, the SM
controller more aggressively replicates the high-frequency components,
which, although improving tracking performance in some cases, may
still be undesirable in practical applications where excessive sensitivity
to high-frequency fluctuations could lead to instability or inefficiency.

5. Discussion

The results presented in Section 4 highlight the effectiveness of
the optimisation-based tuning approach in shaping the closed-loop
response of nonlinear controllers for wind energy applications. While
scenario-specific results and performance trade-offs have been thor-
oughly analysed in Sections 4.4 and 4.5, the purpose of this section is
to provide an integrative discussion that synthesises the main outcomes
across all scenarios. One of the most important findings is that dif-
ferent controller configurations, especially for the nonlinear case, can
lead to fundamentally distinct closed-loop behaviours. This observation
reinforces the need for systematic tuning procedures, since even config-
urations within theoretically admissible regions (e.g., those satisfying
Lyapunov or geometrical conditions Khalil, 1996; Shtessel et al., 2014)
may exhibit significantly different convergence and robustness prop-
erties. The following discussion reflects on these broader implications
and the general performance tendencies observed throughout the study.
As shown in Fig. 14, which serves as a representative example from
all the analysed cases, the control signals for both the PI and SM
controllers, despite some differences, remain consistent in terms of
magnitude and convergence speed. Thus, Fig. 14 presents the closed-
loop response obtained when applying the proposed tuning approach to
both controllers, using a ramp case with ¢, = 0.25 as the target dynamic.
The top plot, Fig. 14(a), illustrates the closed-loop responses €(t) for
both controllers, showing how the system tracks the desired trajectory.
The bottom plot, Fig. 14(b), displays the corresponding control signals,
which remain within the actuator limits, bounded between 0 and 1, in
accordance with the cosine actuation nature of the system. Despite the
differences in control effort, both controllers exhibit similar tracking
performance, reinforcing the effectiveness of the tuning methodology in
achieving the prescribed closed-loop behaviour. The results in Fig. 14
illustrate the robustness of the tuning method, ensuring that even with
distinct control structures, the overall performance remains aligned
with the desired dynamics. The fact that both controllers maintain
control signal limits between 0 and 1, which is consistent with the
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Fig. 14. Ramp case with 7, = 0.25. (a) Closed-loop response Q(r) for both
PI and SM controllers. (b) Control signals for PI and SM controllers, showing
consistent magnitude and convergence speed. The control signals are bounded
between 0 and 1, which aligns with the actuator’s cosine nature. Despite differ-
ences in the control signals, both controllers demonstrate similar performance
in terms of tracking and response characteristics.

cosine actuation nature of the application case in Section 4, further
reinforces the practical viability of the tuning approach, now analysed
from the control actuation perspective. This aspect is crucial in real-
world applications, where certain closed-loop responses could damage
actuator integrity or reduce overall performance.

To further assess the performance of the proposed control strategies
under realistic operating conditions, a synthetic wind profile was used
to excite the system. This scenario corresponds to the case with « = 5
and w = 0, selected to evaluate the response of both controllers when
subjected to realistic disturbances. Fig. 15 presents the resulting closed-
loop behaviour. As shown in Fig. 15(a), the SM controller leads to
a smoother rotational speed response compared to the PI controller,
which exhibits higher-frequency variations due to the turbulent nature
of the wind input. This improved tracking comes at the cost of a noisier
control signal, as illustrated in Fig. 15(b), where the SM control input
displays sharper fluctuations than its PI counterpart. In contrast, the PI
controller maintains a smoother control action, highlighting a trade-off
between output regularity and control effort smoothness.

The methodology ensures that the closed-loop dynamics adhere to
a specific target response, allowing for consistent and effective tuning
of the controllers. This is particularly important in nonlinear systems,
such as the wind energy case discussed in Section 4, where inherent
nonlinearities and external disturbances, such as turbulent wind, pose
challenges that cannot be fully addressed by linear approximations or
conventional tuning methods.

One of the fundamental advantages of the optimisation-based ap-
proach is its ability to offer a structured framework for selecting
controller parameters in a way that aligns with the desired system be-
haviour. This method directly accounts for the inherent nonlinearities,
providing a robust solution that goes beyond empirical tuning. Thus,
in the application case example in Section 4, the results indicate that
tuning parameters, such as a, can significantly impact the transient
response, with higher values of « leading to faster convergence to
the reference trajectory and a reduction in settling time. However, as
shown in Figs. 8 and 13, excessively rapid tracking, particularly in
the presence of turbulence, may lead to increased sensitivity to high-
frequency components of the wind profile, which could potentially
affect mechanical loads and turbine longevity.

Considering the application case, in Fig. 16 the contour plots are
presented illustrating the magnitude of the parameter vector ® =
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Fig. 15. Closed-loop performance under realistic wind excitation, using the
case with « = 5 and w = 0 for control input evaluation. (a) Rotational speed
response €2(t) for both PI and SM controllers. The SM controller achieves
a smoother output response compared to the PI controller, which exhibits
higher-frequency variations. (b) Reconstructed control signals show that the
PI controller provides a smoother control action, while the SM controller
introduces higher-frequency components. This illustrates a trade-off between
output smoothness and control effort regularity.
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Fig. 16. Contour plots of the magnitude of the parameter vector @ = [K|, K,]
for the PI (a) and SM (b) controllers across the tuning space (a, ). Darker
regions indicate lower sensitivity, while lighter regions correspond to higher
sensitivity. The PI plot exhibits smooth variations, suggesting a more stable
tuning process, whereas the SM plot reveals regions with sharp transitions,
indicating areas of higher sensitivity in the tuning process.

[K,, K;], obtained in the exponential target case, across the tuning pa-
rameter space (a, w) for both the PI and SM controllers. The left subplot
(a) shows |@p,|, while the right subplot (b) depicts |Og,,|, offering
a top-down view, of how the sensitivity of the controller parameters
varies with changes in « and w. Mathematically, the magnitudes are
computed as follows:

|0c| = /K + K2,

where C € {PI, SM} denotes the controller type. Darker regions
indicate lower magnitudes, while lighter regions correspond to higher
magnitudes of the parameter vector. Abrupt dark-light transitions in the
contour plots suggest high sensitivity in the tuning process. In the PI
plot, these variations are smooth and gradual, indicating a more stable
tuning process. In contrast, the SM plot reveals several areas with sharp
transitions, highlighting regions of higher sensitivity. This visualisation
emphasises the unintuitive nature of manual or empirical tuning, par-
ticularly in nonlinear control, where small changes in one parameter
may not correspond to small changes in the controlled system per-
formance. It further underscores the value of the optimisation-based

(45)
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approach as a systematic, automatic methodology that provides a more
reliable and consistent process for adjusting controller parameters.

From a wind energy control perspective, the findings highlight the
importance of balancing tracking accuracy and robustness in the tuning
process. While increasing a enhances tracking precision, the sensitivity
to high-frequency turbulence indicates that an intermediate tuning
strategy, where « is selected to optimise closed-loop performance with-
out overreacting to wind fluctuations, is more desirable for practical
applications.

To quantitatively assess the closed-loop tracking performance of
the PI and SM controllers in Scenario 1, considering both exponential
and ramp reference targets, four commonly used error metrics are
employed to compare the closed-loop response against the desired
target trajectory: Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), Maximum Absolute Error (MaxErr), and Normalised RMSE
(NRMSE). Given a reference trajectory y4(r) and a closed-loop response
(1), these metrics are formally defined as follows:

N
1
MAE = — ; [vattn) = v

N
1 2
-~ (.V (t,-)—y(l,-)) B
N ; d

MaxErr = 1) — ¥t
axErr 12}?&”‘1(‘) y@)|

___RMSE

max(yq) — min(yg)

These metrics assess the overall magnitude of the performance error
(MAE), penalise larger deviations (RMSE), highlight worst-case errors
(MaxErr), and offer a normalised performance measure (NRMSE) that
accounts for the range of the reference signal. Additionally, a perfor-
mance ratio is computed as the quotient of each metric for the PI
controller divided by that of the SM controller. A ratio greater than
1 indicates better performance of the SM controller, while a ratio less
than 1 suggests the PI controller achieves more accurate tracking.

As summarised in Table 2, the error metrics reveal a distinct differ-
ence in closed-loop capabilities between the two controllers, depending
on the target dynamics. Without the intention of performing a direct
comparative analysis, the third row in each case (Ratio PI/SM) is
included solely to emphasise the importance of defining a suitable
closed-loop dynamic that aligns with the capabilities and characteristics
of each control strategy. For exponential target profiles, which are
characterised by parameters « and w, defined in Eq. (41) and shown
in the top part of the table, the PI controller generally outperforms the
SM controller across all error metrics. In these cases, the PI/SM ratios
remain consistently below 1, with values ranging from approximately
0.04 to 0.27 depending on the metric, confirming the superior ability
of the PI controller to track exponential transients more closely.

Conversely, for ramp target profiles, specified by the settling time
parameter ¢, defined in Eq. (42) and shown in the bottom portion of
the table, the SM controller consistently outperforms the PI controller.
Here, the error metric ratios are significantly greater than 1, often
exceeding values of 5 or 17 in the case of NRMSE. This highlights
the robustness and effectiveness of the SM controller in accurately
reproducing the linear rise of the ramp reference, regardless of the
steepness of the transition (i.e., #, = 0.25,0.5, 1.0,2.0 seconds).

Overall, this analysis illustrates the complementary strengths of the
two controller types under different reference trajectories: the PI con-
troller excels at following smooth, exponentially converging profiles,
while the SM controller is more suitable for aggressive, ramp-like tran-
sients. These findings support the necessity of custom tuning strategies
based on the desired system dynamics and reinforce the flexibility of
the optimisation-based framework presented in this work.

To further illustrate how the controller gains are shaped by the
desired closed-loop dynamics, Fig. 17 presents the tuned parameters k;
and k, for both PI and SM controllers across the design space explored

NRMSE =
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Comparison of error metrics (MAE, RMSE, MaxErr, and NRMSE) for PI and SM controllers in
Scenario 1 under exponential and ramp reference targets. Ratio rows express the quotient PI/SM

for each metric.

Scenario 1 - Error Metrics (Exponential Targets)
a w t, [s] Controller MAE [rad/s] RMSE [rad/s] MaxErr [rad/s] NRMSE
1 0 - PI 0.0319 0.0550 0.2295 0.0026
1 0 - SM 0.7881 0.9151 1.7108 0.0430
1 0 - Ratio PI/SM 0.0405 0.0601 0.1342 0.0601
2 0 - PI 0.0308 0.0549 0.2709 0.0024
2 0 - SM 0.6012 0.6968 1.3132 0.0300
2 0 - Ratio PI/SM 0.0513 0.0787 0.2063 0.0787
5 0 - PI 0.0264 0.0560 0.3981 0.0024
5 0 - SM 0.1257 0.2061 0.6298 0.0088
5 0 - Ratio PI/SM 0.2103 0.2719 0.6321 0.2719
15 0 - PI 0.0238 0.0710 0.8401 0.0030
15 0 - SM 0.0914 0.2844 1.5274 0.0122
15 0 - Ratio PI/SM 0.2601 0.2495 0.5500 0.2495
5 2 - PI 0.0261 0.0553 0.3952 0.0024
5 2 - SM 0.0806 0.1445 0.5313 0.0062
5 2 - Ratio PI/SM 0.3245 0.3826 0.7438 0.3826
5 5 - PI 0.0233 0.0538 0.3864 0.0022
5 5 - SM 0.2308 0.4896 1.5678 0.0196
5 5 - Ratio PI/SM 0.1009 0.1100 0.2464 0.1100
5 15 - PI 0.0368 0.0741 0.3604 0.0023
5 15 - SM 0.6295 1.3837 5.8657 0.0431
5 15 - Ratio PI/SM 0.0584 0.0535 0.0614 0.0535
Scenario 1 — Error Metrics (Ramp Targets)
a w t, [s] Controller MAE [rad/s] RMSE [rad/s] MaxErr [rad/s] NRMSE
- - 0.25 PI 0.3051 0.5778 2.6929 0.0247
- - 0.25 SM 0.0495 0.1687 0.9685 0.0072
- - 0.25 Ratio PI/SM 6.1621 3.4242 2.7804 3.4242
- - 0.50 PI 0.3686 0.5520 2.1167 0.0236
- - 0.50 SM 0.0610 0.1578 0.7413 0.0067
- - 0.50 Ratio PI/SM 6.0425 3.4986 2.8553 3.4986
- - 1.00 PI 0.5107 0.6761 1.8487 0.0289
- - 1.00 SM 0.0906 0.1514 0.5186 0.0065
- - 1.00 Ratio PI/SM 5.6375 4.4668 3.5651 4.4668
- - 2.00 PI 1.2242 1.3899 2.6393 0.0584
- - 2.00 SM 0.0703 0.1098 0.3430 0.0047
- - 2.00 Ratio PI/SM 17.4120 12.6562 7.6952 12.6562

in Scenario 1. The plots show how the controller gains vary with respect
to the real part «, the imaginary part o, and the desired rise time ¢,, re-
vealing clear trends and differences between the two control structures.
These results complement the contour maps in Fig. 16 by providing
an explicit gain-level view of the tuning landscape, reinforcing the
importance of systematic offline optimisation in defining meaningful
and physically consistent parameter sets.

6. Conclusion

This study demonstrates the effectiveness, versatility, and robust-
ness of the presented optimisation-based tuning procedure for non-
linear controllers, particularly in the context of complex nonlinear
systems. The primary strength of the method lies in its ability to
systematically identify controller parameters that shape the closed-loop
dynamics according to specific, pre-defined targets. This provides a
practical and structured alternative to the traditional trial-and-error
tuning strategies commonly employed by practitioners for control tun-
ing. In addition to its simplicity and adaptability across a wide range
of applications, a key contribution of this work is the definition of a
framework that makes explicit the concept of reachable closed-loop
dynamics in nonlinear systems, analogous to the classical behaviours
typically observed in linear control systems, such as exponential con-
vergence, damped oscillations, or ramp-like responses. By enabling
these target behaviours to be systematically achieved through informed
tuning, the methodology can ensure not only precise dynamic shaping
but also robustness and stability under varying operating conditions.
The results underscore the sensitivity of nonlinear controllers to tuning
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parameters, revealing that different configurations can lead to sig-
nificantly different closed-loop behaviours, even within theoretically
admissible ranges. This parameter-dependent behaviour highlights the
inherent complexity of nonlinear control tuning and reinforces the
importance of selecting parameters that ensure both performance and
system longevity. The scope of the proposed method is general and
independent of the specific structure of the nonlinear controller or
the application domain. The novelty lies in explicitly linking tuning
with the desired closed-loop dynamics, using a performance-driven
optimisation framework that is both interpretable and adaptable.

The optimisation-based approach provides a structured and reli-
able framework to achieve a precise closed-loop dynamic response,
addressing the nonlinear nature of the system. By accounting for these
nonlinearities, the method allows for the customisation of controller
parameters that optimise system performance, ensuring that the system
adheres to the desired target response across a range of operational
scenarios. Importantly, this approach offers a robust solution that goes
beyond traditional empirical tuning, delivering consistent and effec-
tive controller performance while preventing actuator overloading and
maintaining system longevity.

In conclusion, the study highlights the importance of carefully
selecting controller parameters, as small changes can result in signif-
icant variations in the closed-loop dynamics. The optimisation-based
procedure not only ensures precise control but also enhances the overall
robustness, which is validated in this study in a wind energy exam-
ple, providing a reliable and adaptive solution for complex, nonlinear
control problems.
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Fig. 17. PI and SM controller gains (k,, k,) tuned for Scenario 1. (a) Gains vs real part « with w = 0. (b) Gains vs imaginary part @ at « = 5. (c) Gains vs
desired rise time ¢,. Colours differentiate PI (blue) and SM (red) controllers, illustrating gain variation with target closed-loop dynamics. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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