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Abstract: This paper proposes an adaptive torque control and state estimation method that effectively
addresses the trade-off between fatigue load reduction and power generation performance in a
nonlinear wind energy conversion system subject to strong turbulence, measurement noise, and model
uncertainties. The proposed fatigue load-aware adaptive torque controller dynamically adjusts control
weights based on the variability, mismatch, and standard deviation of the aerodynamic torque, thereby
reducing drivetrain fatigue loads while minimizing power loss. In addition, to accurately estimate the
highly nonlinear and unknown aerodynamic torque, a combined estimator based on SMO and UKF
was designed. SMO provides robustness against disturbances and noise, while the UKF enhances
estimation accuracy in nonlinear systems, enabling reliable aerodynamic torque estimation. To validate
the performance, simulations were conducted under three different turbulence intensities and wind speed
profiles. Simulation results demonstrated that the proposed SMO-UKEF estimator achieves up to a 2.77%
improvement in estimation performance compared to conventional methods. Furthermore, the proposed
control strategy reduces fatigue loads by up to 15.52% with negligible reduction in power output.
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Nomenclature

Variables
P, P,
T, T., T, T,

wml wel a’smo
p, Rp, B, Cp, Arsg

Vy
Vg, vq, idr iq, Ld,
Lq

Rpl lpmagr pgl ]l B

Aerodynamic power, generator power

Aerodynamic torque, generator torque, estimated aerodynamic torque,
and reference generator torque

Rotor speed, generator rotor speed, SMO-based estimated rotor speed
Air density, blade radius, blade pitch angle, power coefficient, and tip-
speed ratio

Wind speed

Stator voltages, currents, and inductances in the d—q reference frame

Stator resistance, generator air-gap flux, number of pole pairs,
equivalent inertia, viscous friction coefficient

x, P, Q, R State vector, state covariance matrix, process noise covariance,
measurement noise covariance

W, n, Kykr Process noise, measurement noise, Kalman gain

Winppt: Waeror Wdamp  Control weighting factors

Abbreviations

OTC Optimal torque control

DD-PMSG Direct-drive permanent magnet synchronous generator

AGTC Adaptive generator torque control

ADRC Active disturbance rejection control

BiLSTM Bidirectional long short-term memory

MPC Model predictive control

MU Inertial measurement unit

DDHO Deep-dive holistic observer

SMC Sliding mode control

SMO Sliding mode observer

UKF Unscented Kalman filter

MPPT Maximum power point tracking

DEL Damage equivalent load

EKF Extended Kalman filter

DOB Disturbance observer

1. Introduction

Globally, the share of environmentally friendly energy generation has been steadily increasing, and
the proportion of wind energy in modern power systems has grown significantly in recent years [1].
Accordingly, the stable and efficient operation of wind turbines has become increasingly important. In
particular, as wind turbines continue to increase in size, structural reliability and maintenance costs
have emerged as critical issues [2—4]. Fatigue damage caused by repetitive loads is known to be one
of the primary causes of failure [5—7]. In particular, the drivetrain is continuously subjected to loads
induced by generator torque fluctuations [8,9], making it one of the most vulnerable components to
fatigue damage [10,11]. In general, fatigue loads in wind turbines are evaluated based on the Rainflow
counting method and cumulative damage theory, which are widely used to quantitatively analyze the
characteristics of cyclic loads [12,13]. Previous studies have proposed fatigue load reduction methods
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focusing mainly on structural loads such as blade root bending moments and tower base loads.
However, these approaches primarily emphasize structural aspects, and research on drivetrain fatigue
loads—directly affected by generator torque fluctuations—remains relatively limited [14—16].

The operating conditions of a wind turbine are typically divided into three regions: Region 1
(below the cut-in wind speed, v ,;_in), Region 2 (between the cut-in wind speed and the rated wind
speed, V,qteq), and Region 3 (between the rated wind speed and the cut-out wind speed, V.yr—out)-
In general, optimal torque control (OTC) is applied in Region 2. However, since this control strategy
is designed primarily to maximize power extraction, it does not sufficiently account for drivetrain
fatigue loads caused by torque fluctuations [17,18]. In particular, under turbulent wind conditions,
torque variability increases, which induces cyclic loads and accelerates fatigue damage in the
drivetrain [19]. Therefore, active torque control in Region 2 that can resolve the trade-off between
maximizing power production and reducing drivetrain fatigue loads is essential for extending system
lifetime and ensuring stable operation.

Meanwhile, wind turbines based on direct-drive permanent magnet synchronous generators (DD-
PMSGs) have a structural characteristic of not using a gearbox. As a result, generator torque
fluctuations are transmitted directly to the drivetrain without attenuation. Due to this characteristic, the
torque controller has a more direct impact on drivetrain fatigue loads, further emphasizing the
importance of torque-based fatigue load reduction control strategies [20-23]. The aerodynamic torque
T, acting on a wind turbine is an important physical quantity that directly reflects external
disturbances. However, in practical systems, it is difficult to measure T, directly due to sensor
limitations and cost constraints [24-26]. Therefore, most conventional control methods rely on limited
measurable variables such as rotor speed w,, and generator torque T,, which makes it difficult to
accurately capture external disturbances. To overcome these limitations, observer-based state
estimation methods have been studied to estimate aerodynamic torque. However, integrated studies
that directly utilize the estimated aerodynamic torque in torque controllers for drivetrain fatigue load
reduction remain relatively limited [27,28]. Recently, studies on robust adaptive control utilizing
event-based control and nonlinear filtering have been reported, and these studies are contributing to
the improvement of state estimation and control performance in nonlinear systems [29,30].

In [31], an adaptive generator torque control (AGTC) method was proposed to reduce fatigue
loads on the tower and low-speed shaft. However, since the approach was primarily designed for
structural load alleviation, it provided limited consideration from the perspective of directly controlling
drivetrain torque fluctuations. In [32], a nonlinear torsional vibration damper based on active
disturbance rejection control (ADRC) was proposed to effectively suppress drivetrain vibrations in
wind turbines. However, this approach focuses on vibration mitigation and is fundamentally different
from reducing fatigue loads caused by cyclic loading. In [33], an ADRC-based torque—pitch
cooperative control strategy combined with a data-driven fatigue model (BiLSTM) was proposed to
simultaneously achieve power tracking performance and fatigue load reduction. However, this study
relies on combined control, including pitch control, and depends on data-driven fatigue estimation,
limiting its analysis in terms of drivetrain-oriented physical interpretation and single torque control-
based load reduction. In [34], the nonlinear wind turbine system was divided into multiple linear
models, and a soft-switching-based model predictive control (MPC) was applied to achieve stable
control and fatigue load reduction across the entire operating region. However, this method increases
controller complexity due to its reliance on multiple models and switching logic and provides limited
consideration of model uncertainty and state estimation issues in practical implementations. In [35],
wind speed and system states were estimated using a tower-top inertial measurement unit (IMU) and
a deep-dive holistic observer (DDHO), and these estimates were applied to MPC to improve power
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efficiency and reduce fore—aft tower fatigue loads. In [36], a variable-weight MPC strategy was
proposed for cooperative control of pitch angle and torque, while [37] introduced a two-degree-of-
freedom model-based MPC strategy that simultaneously considers power tracking and fatigue load
reduction. However, these control strategies heavily rely on sensor-based state feedback, such as
mechanical anemometers or IMUs, which limit their robustness under severe turbulence or sensor fault
conditions encountered in real wind turbine operation. To overcome this sensor dependency, [38]
proposed a sliding mode observer (SMO)-based approach to estimate drivetrain states and added an
auxiliary control input to the generator torque to suppress torsional and blade edgewise vibrations,
thereby alleviating fatigue loads. However, this method relies on compensation terms designed for
specific structural vibration characteristics, making it difficult to extend into a control framework that
comprehensively considers overall drivetrain torque behavior.

To address these limitations, this paper proposes a fatigue load-aware adaptive torque control
framework based on a sliding mode observer—unscented Kalman filter (SMO-UKF), which actively
reduces torsional fatigue loads in a DD-PMSG drivetrain without the use of wind speed sensors. The
objective of this study is to effectively reduce drivetrain fatigue loads induced by generator torque
fluctuations while maintaining maximum power point tracking (MPPT) in the operating Region 2. The
proposed system consists of an integrated structure that organically links aerodynamic torque
estimation and fatigue load reduction control and is largely composed of an SMO-UKF aerodynamic
torque estimator and a fatigue load-aware adaptive torque controller.

o SMO-UKF estimator: Since the aerodynamic torque of a wind turbine is difficult to estimate
directly and involves strong nonlinearity and uncertainty, a cascaded estimation structure
combining SMO and UKF in series was designed to effectively estimate it. First, a rotor speed
Wy, Which is robust against measurement noise and disturbances, is estimated using SMO,
and this is utilized as an observation for UKF to estimate the aerodynamic torque T, based
on a nonlinear dynamic model. The proposed structure is designed to mitigate the uncertainty
of measurement signals and improve the reliability of aerodynamic torque estimation by
simultaneously utilizing the robustness of SMO and the nonlinear estimation performance of
UKEF. Unlike EKF-based estimation techniques, UKF estimates the state using sigma points
without Jacobian matrix calculation or linearization processes, thereby effectively reflecting
the wind turbine dynamics with strong nonlinearity.

o Fatigue load-aware adaptive torque controller: Unlike conventional torque control techniques
that focus on a specific objective—either power generation performance or load reduction—
the proposed controller adaptively generates generator torque commands by simultaneously
considering the estimated aerodynamic torque change rate, control error, and real-time fatigue
load status. It is designed to actively adjust the trade-off between power generation
performance and drivetrain fatigue load reduction by reflecting the dynamic characteristics
of aerodynamic torque in real time. This allows for the suppression of excessive torque
fluctuations while minimizing power output reduction, thereby effectively reducing the
fatigue load on the drivetrain.

Existing disturbance observation—based techniques primarily focus on disturbance compensation
and do not directly utilize the estimated information for fatigue load reduction control. Additionally,
while MPC-based techniques can provide excellent control performance, the computational burden
increases due to the iterative online optimization process. On the other hand, the cascaded SMO-UKF
structure proposed in this study ensures the reliability of aerodynamic torque estimation while directly
reflecting the estimated information in fatigue load-aware adaptive torque control, thereby enabling
real-time adjustment of the balance between power generation performance and fatigue load reduction.
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To quantitatively evaluate the performance of the proposed control method, the load history of
the torque signal was analyzed using the Rainflow counting method, and the damage equivalent load
(DEL) was calculated for various Wohler exponents. The proposed method was validated under three
different turbulent wind conditions in a MATLAB/Simulink-based simulation environment, and its
performance in reducing drivetrain fatigue loads was evaluated through comparison with conventional
torque control methods.

The main contributions of this paper are as follows:

o We propose an integrated framework that organically links aerodynamic torque estimation
and adaptive torque control to reduce the fatigue load of wind turbine drivetrains. The
proposed structure is designed to consider the trade-off between power generation
performance and drivetrain fatigue load by not merely estimating aerodynamic torque
information but directly utilizing it in control decision-making.

o We design a cascaded aerodynamic torque estimator that directly combines SMO and UKF.
The proposed estimator can effectively reflect nonlinear dynamic characteristics while
mitigating the uncertainty of measurement signals, thereby enabling reliable aerodynamic
torque estimation even in turbulent environments or under conditions where model
uncertainty exists.

o We propose a fatigue-aware adaptive torque control technique that simultaneously reflects
aerodynamic torque variability, estimation error, and fatigue load status. Through this, the
balance between power generation performance and fatigue load reduction performance can
be adjusted in real time according to operating conditions, overcoming the limitations of
existing methods that use fixed control targets.

o The proposed system, integrating an estimator and a controller, is applied to a DD-PMSG-
based wind power generation system, and the fatigue load reduction effect and practicality
are comprehensively verified by performing Rainflow counting and DEL analysis in various
turbulent environments.

The remainder of this paper is organized as follows: Section 2 describes the dynamic model of
the wind turbine. Section 3 explains the aerodynamic torque estimator. Section 4 presents the proposed
torque control strategy, and Section 5 provides fatigue load analysis and simulation results. Finally,
Section 6 concludes the paper.

2. Wind turbine system and PMSG modeling
2.1. Wind turbine system and PMSG modeling

In this section, the wind turbine model and the DD-PMSG dynamic model used in this study are
presented. Figure 1 illustrates the overall schematic of the proposed control system. The aerodynamic
power P, and aerodynamic torque T, of the wind turbine can be defined as in (1) and (2),
respectively [39—41].

! 1
Pa = 5 PRs"Co Chrse 0o = 535 PR Cy s Bom® ()
TSR
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Arsn =S5 (3)
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Here, p denotes the air density, Rg is the blade radius, V,, represents the wind speed, and w,,
is the rotor speed. The power coefficient C, represents the efficiency with which a wind turbine
converts incoming wind energy into mechanical energy, being a nonlinear function determined by
Arsg and f5. The power coefficient C,(Arsg, ) is determined by the tip speed ratio Arsg and the
blade pitch angle . The tip speed ratio Arsg is defined as the ratio between the rotational speed of
the blade tip and the wind speed, as given in (3). The €, model used in this study is expressed as in (4)
and (5) [39-41]. In this case, g4 = 0.5176, g, = 116, g3 = 0.4, g, =5, g5 = 21, g¢ = 0.0068,
g7 = 0.08,and gg = 0.035.

SNANY

SMO-UKF Adaptive Fatigue- Ty rof
Ty & — Aware Torque =
estimation Controller

Figure 1. Schematic diagram of the overall DD-PMSG-based wind turbine system.

The generator is modeled as a PMSG in the dg-axis reference frame. To describe the operation

of the PMSG, both electrical and mechanical dynamics are considered. The stator voltages v; and
v, are modeled as (6) and (7) [39-41].

vy = Ryl + Lg 52— welqig (6)
. di .
vy = Ryig + L, d—: — WeLglig + Wemag @)
T, = _1-5pg¢magiq (8)
P, = —1.5(v,iq + vaiq)- )

Here, R, is the stator resistance, iz and i, are the dq-axis generator currents, L, and L, are the
inductances, and Y, is the generator air-gap flux. The electrical angular speed is givenby we = pgwn,,
where p, denotes the number of pole pairs. The generator torque T, is determined by the g-axis current
iq and is defined as in (8), while the generator output power P, is defined as in (9) [39-41].
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d 1
E(‘)m =7(Ta_Te_me)- (10)

To represent the mechanical dynamics between the wind turbine and the generator, the drivetrain
is modeled as a one-mass system, as defined in (10). Here, / denotes the equivalent inertia, and B
represents the viscous damping coefficient.

2.2. Operating range and output characteristics of wind turbine systems

The wind turbine system exhibits different operating characteristics depending on wind speed
conditions and is generally divided into three operating regions. Figure 2 shows the operating regions
of the wind turbine system used in this paper, where the cut-in wind speed v.,+_;n 1s defined as 3 m/s,
the rated wind speed V,4teq 1S 11 m/s, and the cut-out wind speed v y¢_oye 18 22.5 m/s. The first
region (Region 1) corresponds to wind speeds below v.,;_;n, Where the turbine cannot generate
sufficient aerodynamic torque, and thus no power is produced. The second region (Region 2) lies
between the cut-in wind speed v.,;_;, and the rated wind speed v,4¢.q4, and its objective is to extract
maximum power from the wind. In this region, generator torque control dominates the system
operation instead of blade pitch control. By regulating the rotor speed w,,, the tip speed ratio Argg
is maintained at its optimal value, thereby achieving the maximum power coefficient. In general, the
optimal torque control (OTC) method is applied, being defined as in (11) [20].

Region 1 Region 2 Region3

[

Output Power [MW]

0 5 10 15 20 25
Wind Speed [m/s]

Figure 2. Wind turbine system operating range.

Ty = opt * wmz (11)
1 Cmax
Kopt = 5 piRp"° Fot (12)

Here, K,p; is aconstant determined by turbine parameters and is defined as in (12). In this study,
Cp'** = 0.48 and A,,; = 8.1. In particular, the OTC-based MPPT method is widely used due to its
simple structure and high practicality. However, irregular variations in wind speed cause fluctuations
in generator torque, which impose cyclic loads on the drivetrain and increase fatigue damage. The third
region (Region 3) corresponds to wind speeds between v,.qieq and veyr—our, Where the output power
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of the wind turbine is limited through blade pitch control to prevent it from exceeding the rated value [20].
Therefore, considering these operating characteristics, this paper proposes a control strategy that
reduces drivetrain fatigue loads by mitigating torque fluctuations while maintaining MPPT
performance in Region 2.

3. SMO-UKEF estimator

In this study, an SMO-UKF observer was designed to estimate aerodynamic torque, and Figure 3
shows a schematic diagram of the SMO-UKF. First, SMO is robust against model uncertainty and
disturbances, and provides fast convergence characteristics, especially in environments with unknown
inputs such as aerodynamic torque [26]. However, since SMO includes switching terms, chatter may
occur, and it may have limitations in terms of accuracy when used alone. On the other hand, UKF
provides high estimation accuracy by probabilistically propagating the state distribution of a nonlinear
system and has the advantage of effectively reflecting system dynamics. However, estimation
performance may be degraded due to a relative lack of robustness against measurement noise,
modeling errors, and disturbances [28]. Considering the characteristics of each technique, this study
designed a cascaded SMO-UKEF observer by serially combining SMO and UKF with the super-twisting
technique and applying a saturation function. At this time, the UKF was constructed with reference to [42],
and the SMO was utilized as a preprocessing estimator for the UKF rather than a simple state observer.
Specifically, the measured rotor speed wp,eqs 18 input into the SMO to generate a speed estimate with
the influence of disturbances and measurement noise mitigated, which is used as an observation for
the UKF. This prevents the UKF from being directly exposed to raw measurement signals, thereby
enabling stable and reliable state estimation. Furthermore, unlike EKF-based estimation techniques
that rely on Jacobian matrix calculations and local linearization processes, the UKF uses an unscented
transformation to directly propagate nonlinear states, allowing it to effectively reflect linear dynamics
without Jacobian calculations [42]. Therefore, the nonlinear characteristics of the system can be
effectively estimated even in wind turbine systems where operating conditions change continuously
due to turbulent environments. Consequently, by having SMO perform robust preprocessing estimation
and UKF perform stochastic correction reflecting nonlinear dynamics based on this, the accuracy and
reliability of aerodynamic torque estimation can be simultaneously improved even in environments where
measurement noise, disturbances, and model uncertainty exist. Here, T, represents the generator torque
calculated from the measured current and includes measurement noise and parameter uncertainty.

As a result, the proposed SMO-UKEF has the following advantages:

o Robustness against disturbances and model uncertainties.

o Reduced impact of measurement noise through SMO-based pre-estimation.

o High estimation accuracy in nonlinear systems.

o Stable estimation performance and fast convergence through the cascaded structure.

By combining the SMO and UKF, the SMO-UKF compensates for the limitations of each method,
thereby providing high estimation performance in environments with strong nonlinearity and
uncertainty, such as wind turbine systems.
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Figure 3. SMO-UKF schematic diagram.
3.1. SMO-UKF estimator design
The rotor dynamics of the wind turbine are defined as in (10), and the nonlinear sliding function

is defined as in (14). Here, 0 < p < 1, and the estimation error e and the saturation function sat(e)
are defined as in (15) and (16), respectively.

s(e) = |e|Psat(e) (14)
€ = Wmeas — Wsmo (15)
1, e>¢
sat(e) = {¢/p- lel < ¢. (16)
-1, e< —¢

Here, w,, denotes the rotor speed, @, is the rotor speed estimated by the SMO, and ¢ represents the
boundary layer. The |e|? term in the nonlinear sliding function ensures sufficient convergence speed even
when the error is small, thereby achieving finite-time convergence characteristics. The saturation function
sat(e) is adopted to alleviate the chattering phenomenon. The dynamics of the SMO-based speed
estimation and the disturbance estimation law are given in (17) and (18), respectively.

(j)\smo = _§asmo _%+d+k15(e) (17)
d = k,sat(e). (18)

Here, d denotes the estimated disturbance corresponding to the aerodynamic torque, and k; and k,
represent the observer gains. Based on the SMO-estimated rotor speed @gp,,, the UKF performs
precise estimation of the aerodynamic torque. The state vector and the state equation are defined as in (19)
and (20), respectively.

=[] e
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Ta—Bwm—Te

X = I J l +W. (20)
0

Here, W represents the process noise, which probabilistically accounts for uncertainties such as

turbulence-induced fluctuations, unmodeled dynamics, and variations in system parameters. The rotor

speed @qpy, estimated by the SMO is used as the measurement in the UKF, and the measurement

equation is defined as in (21).

y = Wsmo = Wy +7. (21

Here, w,, denotes the rotor speed, and 71 represents the equivalent measurement noise that includes
estimation error.

When UKEF is applied to a nonlinear system, the state is estimated as follows:
Sigma point generation:

X; =x+/(n, + A,)P. (22)

Here, X; denotes the i-th sigma point, n, is the dimension of the state vector, 1, is the UKF scaling
parameter, and P represents the state covariance. For i = 1,---,n the upper and lower sigma points are
constructed, and the sigma points are generated using the current state estimate and covariance.

Nonlinear state prediction:
In the state prediction step, the system dynamics are applied to each sigma point to propagate the

state. Considering the rotor dynamics of the wind turbine, each sigma point can be computed as follows:

Tai—Bw;—Te
J

Tt =Tai (24)

w; =w; +Ts X (23)

Here, Ts denotes the sampling time. Accordingly, the predicted sigma points are defined as in (25).

Tqi—Bw;—T
) x Lai i—le
xo = @it TS . 25)
Ta,i

Subsequently, the predicted state and covariance are calculated as follows using the weighted mean:
x™ = W'Xg + S2 WX (26)
Pm=W§Xy —x7 )Xy —x )T+ XWX —x )X —x)T +Q. (27)
Here, W/™ and W denote the weights of the sigma points. Q = diag(Q,,Qr,) represents the

process noise covariance, where Q, and Qr, denote the process noise variances of the rotor speed

and aerodynamic torque, respectively.
Measurement prediction and covariance calculation:

yi =hX;) = w; (28)

yi =Wy + X Wy, (29)

Py = W5(yo =y )" + X W (i —y )" +R (30)

Py =WEXG —x D)o —y ) + X WEXT —x )i —y7) (31)
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P
Kyp =% / . (32)

Here, h(-) is the measurement function that maps the state vector to the measurement space and is
defined as a function that outputs the rotor speed. R denotes the measurement noise covariance,
representing the measurement uncertainty including the SMO estimation error.

State update and output:

X = x"+ Kygr (Dsmo — y_) (33)
P = P~ — Kykr Py Kyxr' (34)
To(k) = To(k = 1) + ar, (x(2) — T(k — 1)). (35)

Here, the rotor speed estimate @,,, obtained from the SMO is used as the measurement input for the
UKF, and y~ denotes the mean of the predicted measurements generated from the sigma points.
Finally, using the SMO-estimated rotor speed @,,, as the measurement, the UKF updates the state
vector x and covariance P. The aerodynamic torque component of the state vector is then refined
through a first-order low-pass filter and provided as the final output T,. This enables robust and stable
aerodynamic torque estimation against noise. Here, ar, is the low pass filter (LPF) coefficient.

3.2. SMO-UKF estimator stability verification
In this paper, the rotor speed w,, is estimated using an SMO. The wind turbine dynamics, the

error between the actual and estimated speeds, the sliding function, the saturation function, the speed
estimation dynamics, and the disturbance estimation law are defined in (10) and (14)—(18).

é=wny— (j)\smo (36)
. Ty 5 B

e = T—d—kls(e)—7e (37)
é = d—ci—kls(e)—?e. (38)

The derivative of the error can be defined as in (36), and by substituting (10) and (17) into (36), (37)
can be obtained. Defining the disturbance as d = %, (38) is obtained.

~

d=d-d (39)
é=d—kys(e) — ?e (40)
d=d-— k,sat(e). (41)

If the disturbance estimation error is defined as in (39), then (40) and (41) can be obtained.
ld@®)| < L. (42)

The aerodynamic torque is a nonlinear function that includes wind speed, rotor speed, and pitch
angle, and its rate of change is limited due to the physical constraints of these variables. Therefore, as
shown in (42), the disturbance has a bounded rate of change with respect to time. Here, L is a positive

constant, and since wind turbines have large inertia, the rate of change of d = Ta/ i is very small.
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Theorem:

Assuming that (42) is satisfied, if the observer gains satisfy k; >0 and k, > L, then the
estimation error e(t) and the disturbance estimation error d(t) are uniformly ultimately bounded
for all time and converge to a finite region around the origin.

Proof:

The stability is proven by dividing the system into two regions based on the saturation function.
Phase 1: Large error region - [e| > ¢

In this region, (43) is satisfied.

sat(e) = sign(e). (43)

Therefore, the error dynamics and the disturbance estimation law can be summarized as (44) and (45),
and if (42) is satisfied, then (46) holds.

é=d—kyle|Psign(e) — ?e (44)
d= d—kysign(e) (45)
|d] <L +k (46)

Therefore, since d is bounded, |d| is also bounded, which implies that there exists a finite constant

D such that |d(t)| <D.
The Lyapunov candidate function is defined as in (47), and its derivative is given by (48) [43].

vy =-e? 47)
V1=eé==ai—kﬂew+1—§e? (48)

Using boundedness, |ed| < |e|D can be defined. Therefore, (49) is satisfied.
Vi < lelD ~kyle[P*t —=e?. (49)

For sufficiently large e, condition (51) is satisfied according to (50), so the error decreases and enters
the region |e| < ¢ within a finite time.

le| > (k%)l/p

v, <O0. (51)

- D —IkylelP <0 (50)

Phase 1 persists only over a finite time interval. Since |d| < L + k,, the disturbance estimation
error remains bounded during this interval. Therefore, there exists a positive constant D > 0 such that
|d(t)| < D. In the region where the error is large, the growth rate of the nonlinear damping term
dominates the disturbance term, and if condition 0 < p < 1 is satisfied, the reaching time for the
system to enter the boundary layer is finite [44]. For the system to enter the region |e| < ¢ within a
finite time, condition (52) must be satisfied.

1/p
(—) < ¢ -k =— (52)
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Therefore, the control gain k; must be designed sufficiently large to satisfy the above condition,
ensuring the transition from Phase 1 to Phase 2.
Phase 2: Boundary layer - |e| < ¢

In this region, the saturation function is defined as in (53).

sat(e) = % (53)

Therefore, the error dynamics and the disturbance estimation law can be defined as in (54) and (55).
é=d—iy it -2e (54)
d= d—k, . (55)

In state-space form, the state vector can be expressed as follows:

X = [Z] X = A(e)X +D(b) (56)
_(E+MMW) 1 .
Ae) = ’_%"’ of D(t) = [d(t)]' (57)

Using the uniform Hurwitz property, (58) and (59) can be obtained within the boundary layer, and the
characteristic equation is defined as in (60) [24].

le] < ¢ - le|? < ¢P (58)

B B . kqlelP B -1

< < p

S ST < Ttk (59)
W2 +ale)p+b=0, a(e)z§>o,b=%>o. (60)

Here, the matrix A(e) is continuous and bounded for |e| < ¢, and since both a(e) and b are
positive, it satisfies the second-order Hurwitz condition. Furthermore, since a(e) has a positive lower
bound, A(e) is uniformly Hurwitz for all |e| < ¢ [43]. The disturbance input satisfies (61).
Therefore, according to the standard result for systems with a uniformly Hurwitz matrix and bounded
input, (62) is satisfied, and the states converge to a finite region around the origin, i.e., the system is
uniformly ultimately bounded.

ld|<L-1ID®I<L (61)
IX(O)Il < Me™®[IX(0)]] + == (62)

In conclusion, in Phase 1, the error enters the boundary layer |e| < ¢ within a finite time, and
in Phase 2, the system converges to a uniformly ultimately bounded (UUB) state. Therefore, both e(t)
and d(t) are bounded for all time in the overall system and satisfy the UUB property. In addition,
since SMO provides a bounded estimate @g,,, for rotational speed, the signal ultimately maintains
boundedness because the boundedness of the SMO estimation error is established under finite
disturbances. Consequently, the output of SMO is used as a finite input for UKF. Assuming that process
and measurement noises are finite and the covariance matrices @, Qr,, and R are appropriately
selected, the UKF estimation error ultimately maintains boundedness [42]. Thus, since SMO
guarantees a finite intermediate signal and UKF maintains boundedness under finite inputs, all
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estimation signals of the cascaded SMO-UKF estimator are uniformly ultimately bounded, so the
estimation error does not diverge over time and is confined within a finite vicinity of the origin.

4. Fatigue load-aware adaptive torque controller
4.1. Fatigue load-aware adaptive torque controller design

This section describes a fatigue load-aware adaptive torque controller designed to simultaneously
consider wind turbine power efficiency and drivetrain load reduction, and Figure 4 illustrates the
schematic of the proposed controller. The proposed controller is formulated as a weighted sum
structure that simultaneously accounts for maximum power tracking, aerodynamic torque tracking,
and torque fluctuation suppression, and is defined as in (63).

(7.

Tu(k—1)
Te
Dsmo TZ’_,
T,
Figure 4. Schematic diagram of a fatigue load-aware adaptive torque controller.
w. tT ot ttw, T, +wg T*(k—l)
Te* — Wmppt’etarge aerola ample . (63)

WmppttWaerotWdamp

Here, T, target = Koptw?, where K,y is a constant determined by the turbine characteristics.

T, is the estimated acrodynamic torque, T, (k — 1) is the generator torque at the previous time step,

and Wpppe, Waero» and Wgamy, are the weighting factors for each objective. The key idea of the

proposed controller is to adaptively adjust the weights in real time according to the system state.

Equation (64) represents the mismatch between the current aerodynamic torque and generator torque,
while (65) represents the dynamic variation of the disturbance.

6mis — |Ta - Te /Tmax (64)

e

AT, = (Ta - Ta(k - 1))/dt' (65)

Here, dt denotes the sampling time.
Each weighting factor is defined as follows:

_ |ATq|
Waero = 0-05 + al,aer06mis + az,aero Tmax (66)
e
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_ |ATg|
Waamp = 80 — al,damp6mis — A2.damp Tmax: (67)
e

max
Te

Here, @1 4eros ®2,aer0s X1,damp> A0d @Az gamp are design parameters, and is the maximum

allowable generator torque. Weights are proposed as Wy, € [0.05,1] and wg,.., € [40,80] to
ensure stable operation. When the &,,,;5 increases, Wgep, increases while wggpm, decreases, thereby
enhancing aerodynamic torque tracking performance. In addition, when the rate of change of aerodynamic
torque increases, the sensitivity to disturbances increases, leading to a faster dynamic response.

The fatigue load is approximately evaluated using the standard deviation, std(.), of recent torque
history, and a moving standard deviation is calculated over a sliding window of Ny;s; samples.

Tf*luc = std(Ty). (68)

Based on this, Wy, is adjusted as follows:

_ fluc |ATa|
Wmppt = Wo — @1mppt ~ + A2 mppt Tmax: (69)

Here, S is a normalization constant, @qmppr, @z mppe are design parameters, and T,"%* is the
maximum value of the generator torque. Wy, € [0.5,10] is constrained to ensure stable operation.
In this study, adaptive weights were designed using the discrepancy between aerodynamic torque and
generator torque &,,;s, the rate of change of aerodynamic torque AT, and the standard deviation of
torque fluctuation Tfy,,. as indicators representing the current operating condition. Since increasing
values of 6,,;; and AT, indicate that the wind turbine deviates from steady-state operation, Wgero
was designed to increase in order to more strongly reflect the estimated aerodynamic torque
information. Conversely, Wgamp Was designed to decrease under the same conditions to increase the
contribution of aerodynamic torque-based control and enable flexible responses to varying wind speed
conditions. Additionally, W,;,,; was designed to decrease when the torque fluctuation indicator Ty,
increases, since prioritizing MPPT tracking performance under excessive torque fluctuations may lead
to increased fatigue loads. On the other hand, when the rate of change of aerodynamic torque |AT,|
increases, the MPPT weight is partially maintained to prevent a rapid degradation in power generation
performance. Consequently, the proposed adaptive weighting structure achieves a balance between
power generation performance and fatigue load reduction by dynamically adjusting the relative
weights of MPPT performance, aerodynamic torque tracking performance, and torque fluctuation
suppression according to operating conditions.

The proposed controller has the following advantages over conventional single-objective controllers.

o Simultaneously, three conflicting objectives (maximum power tracking, aerodynamic torque
tracking, and fatigue load reduction) within a unified framework.

o Automatically adjusts the weighting factors for each objective based on real-time indicators.

o Directly incorporates the rate of change of aerodynamic torque, thereby accounting for both
the magnitude and dynamics of disturbances, enabling fast torque tracking under rapid wind
variations and turbulent conditions.

o Effectively reduces structural fatigue loads by incorporating a DEL estimate based on the
standard deviation of torque history into the controller and including the previous torque in
the control input.

Therefore, the proposed controller can simultaneously achieve power generation -efficiency,
disturbance rejection performance, and fatigue load reduction through an adaptive structure that
dynamically adjusts the importance of each control objective in real time. The proposed structure
consists of SMO, UKF, and adaptive weight calculations and does not require an iterative optimization
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process. Therefore, computational complexity is primarily determined by the sigma point update
process of the UKF, and the adaptive weight calculation consists of simple algebraic operations,
resulting in minimal additional computational burden. Due to these characteristics, the proposed
method is expected to have a computational complexity suitable for application in real-time wind
turbine control systems.

4.2. Fatigue load-aware adaptive torque controller stability verification

Theorem:

The proposed torque controller is defined in (63), and the wind turbine dynamics are given in (10).
Under the following assumptions, the closed-loop system state ® is uniformly ultimately bounded
(UUB).

Assumptions:

Al. The aerodynamic torque is bounded, i.e., |T,(t)| < T***.
A2. All weighting factors are positive and bounded.

A3. The DEL estimate and torque rate of change are bounded.
Proof:

T, is constructed as a weighted sum as in (64), and since all weighting factors are strictly positive
and normalized by their sum, it takes the form of a convex combination. Therefore, the control input
does not exceed the range of each component, and its upper bound is determined as in (70). Here, T,
is physically bounded, T tqrger can be considered bounded as it is limited within the physical
operating range of the system, and T, (k — 1) is also bounded as it represents the previous control
input. Thus, the control input T, is always bounded, and consequently, condition (71) is satisfied.

ITe*l < max{Te,targetr |Ta|r ITe* (k - 1)'} (70)
TS| < T4, (71)
The Lyapunov candidate function and its derivative are defined as follows [43]:
1
V, = Ewmz (72)

Vy = Wy = “’Tm(ra —T, — Bwy,). (73)

Using Assumption Al and (71), (74) can be obtained.

V, < lw}—ml(TC{"ax + T"ox) — ?wmz = Vy € —ciwpm? + ¢y (74)
B (T +Tg) . .
Here, ¢, = 7 and ¢, = - Therefore, when (76) holds, V, < 0, and the system state is stable.
max_ ~max .
|0 > E—— = 1, <0 (76)
max max
|| < E—— 77)

This means that, even in the presence of disturbances, the state converges to a finite region around
the origin and remains within that region after sufficient time has elapsed. Consequently, the system
satisfies the UUB property. Consequently, in the proposed SMO-UKF-based fatigue-sensitive adaptive
torque control framework, the SMO-UKF estimator guarantees a uniformly ultimately bounded
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estimation error under bounded disturbances, ensuring that all estimation states used in the control law
are bounded. Furthermore, the proposed adaptive controller is designed as a continuous function of
these bounded estimates and bounded auxiliary signals, such as torque change and fatigue index, so
the control input is also uniformly bounded. Substituting the bounded control input and the bounded
disturbance term into the rotational velocity dynamics reveals that the closed-loop system can be
represented as a system driven by bounded inputs. Based on the serial connection structure and
standard Lyapunov-based results for cascade systems and input-to-state boundedness properties, all
closed-loop signals maintain a uniformly ultimately bounded state.

5. Simulation

In this section, simulations were conducted on a PMSG-based wind turbine system to verify the
performance of the proposed SMO-UKF estimator and the fatigue load-aware adaptive torque
controller. The overall system was modeled in MATLAB/Simulink 2024a with an ode3 solver with a
sampling time of 0.001 Ts. The simulation target system consists of a 1.5 MW wind turbine, based on
an integrated model that includes aerodynamics, drivetrain, and generator dynamics. The main system
parameters were set with reference to [40]. The parameters of the wind turbine system, estimator, and
controller are presented in Table 1.

To verify the effectiveness and robustness of the proposed estimator and controller, three turbulent
wind speed scenarios with distinct characteristics were applied, as shown in Figure 5. The wind profile
is generated by combining time-varying wind speed with turbulence and small oscillatory components
containing multiple frequency components. The turbulence intensities of the wind scenarios account
for (a) 5.7%, (b) 12.9%, and (c) 15%. In particular, the profiles are designed to include wind speed
ramp-up, steady-state, and rapid change events to emulate various real-world operating conditions. All
simulations are carried in the Region 2 of wind turbine operation for 1400 s.
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Figure 5. Wind speed scenarios: (a) turbulence intensity 5.7%, (b) turbulence intensity
12.9%, (c) turbulence intensity 15%.
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Table 1. System parameters.

Parameter Description Value
WTS parameters
Pratea(MW)  Rated power 1.5
p(kg/m?®) Air density 1.225
Rp(m) Blade radius 35.25
Aopt Optimal tip speed ratio 8.1
e Maximum power coefficient 0.48
Veut—in(m/s)  Cut-in wind speed 3
Vratea(M/s)  Rated wind speed 11
PMSG parameters
J(MNm) Total inertia 4.872
Ymag(Wh)  Generator air-gap flux 7.0172
Pg Generator pole pairs 402
R,(m0) Stator resistance 3.17
Lq, Lg(mH)  Inductances 3.7
SMO-UKEF estimation parameters
ar, 1-st LPF weight 1.0
14 Nonlinear exponent of the sliding surface 0.9
kq SMO gain 3.5
k, SMO gain 1.0
[0) SMO boundary layer 1.0
ay, Sigma point parameter 1x1073
Bu Sigma point parameter 2.0
Ky Sigma point parameter 0
Qu Rotor speed process noise variances 9x107*
Qr, Aerodynamic torque process noise variances 5 X 10°
R Measurement noise variance 1x 10710
Fatigue load-aware adaptive torque controller

Kopt Optimal torque constant 94,588.37
Npist History window length 100
A1,qero0 Controller design parameter 0.4
Q3,qero Controller design parameter 0.2
Q1,damp Controller design parameter 40
A2, damp Controller design parameter 20

a1, mppt Controller design parameter 1.3

a2,mppt Controller design parameter 1.5
Thex Generator torque maximum 1.5 X 10°

In all simulations, uncertainties and noise were considered to realistically reflect practical

AIMS Mathematics

operating conditions. First, white Gaussian noise was added to the rotor speed to emulate sensor noise,
thereby incorporating measurement uncertainty. In addition, to account for parameter uncertainty,
variations within a certain range (+20%) were applied to the inertia and viscous damping coefficients
to represent modeling errors and parameter uncertainties. High-frequency torque ripple (approximately
2%) was also included in the generator torque to reflect switching effects in the power converter. This
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high-frequency component is an inherent characteristic of real power electronic systems and serves as
an important factor in evaluating controller robustness. By conducting simulations under these noise-
and uncertainty-inclusive conditions, the practical applicability and robustness of the proposed
estimator and controller were comprehensively validated.

5.1. SMO-UKF estimation simulation

The key parameters of the proposed SMO-UKF estimator were empirically determined through
iterative experiments in a simulation environment and are shown in Table 1. The gains k; and k, of
the SMO directly affect the convergence speed of the estimation error and the disturbance suppression
performance. While increasing the gain allows for faster convergence characteristics, it may increase
chatter; therefore, the values were selected considering estimation stability. The boundary layer ¢
was adjusted to mitigate chatter and was set to prevent a decrease in estimation accuracy caused by
excessive boundary layer settings. Additionally, the process noise covariance of the UKF was set as
Q, and Qr, for the rotor speed and aerodynamic torque states, respectively. Q, affects the
estimation performance regarding dynamic changes in the rotor speed state; while increasing the value
improves sensitivity to state changes, it may increase estimation variability. On the other hand, Qr,
affects the response characteristics of aerodynamic torque estimation and was set to appropriately
reflect aecrodynamic torque fluctuations caused by turbulence. The measurement noise covariance R
was selected considering the measurement noise level and adjusted to ensure a balance between
estimation responsiveness and noise robustness. The sigma point parameter was set considering the
approximation accuracy and numerical stability of the state distribution.

The proposed SMO-UKEF estimator is structured as a combination of SMO and UKF, and its key
parameters were empirically determined through iterative experiments in the simulation environment.
In particular, the SMO gains and boundary layer parameter, as well as the covariance matrices of the
UKF, were tuned by considering the trade-off between estimation error and convergence speed, while
also minimizing chattering. To validate the performance of the proposed estimator, the estimated
aerodynamic torque and rotor speed were compared with their actual values. Furthermore, a
quantitative analysis of the estimation performance of the proposed SMO-UKF was conducted by
comparing it with SMO-DOB, SMO-EKF, and UKF estimators. In addition, for a fair quantitative
evaluation, the conventional OTC method was applied in Region 2 operation, and the results were used
as a baseline for comparison.

5.1.1. Simulation test case 1

Initially, the performance of the proposed SMO-UKF estimator was evaluated under a turbulence
intensity of 5.7%. The corresponding wind speed profile is shown in Figure 5(a), and the overall
simulation results are presented in Figure 6. Figure 6(a) shows the rotor speed w,, estimation results,
while Figure 6(b) presents the corresponding estimation errors. Figure 6(c),(d) illustrates the
aerodynamic torque estimation T, results and their estimation errors, respectively. In each figure, the
performance of the proposed SMO-UKF is compared with that of SMO-DOB, SMO-EKF, UKF, and
ST-SMO estimators. From Figure 6(a), it can be observed that the conventional UKF is sensitive to
the setting of the measurement noise covariance, resulting in relatively large estimation errors. In
contrast, the proposed SMO-UKF obtains noise-suppressed rotor speed through SMO-based
estimation. Furthermore, in Figure 6(c), the conventional ST-SMO still exhibits some chattering effects,
whereas the proposed SMO-UKF effectively suppresses them, providing smoother aerodynamic
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torque estimation T, results. The quantitative comparison results are summarized in Table 2.
Compared to SMO-EKEF, the proposed estimator improves the RMSE of rotor speed estimation by
18.15% and the RMSE of aerodynamic torque estimation by 2.77%. Therefore, it is confirmed that the
proposed SMO-UKF estimation method provides stable and accurate estimation performance under

the 5.7% turbulence condition.

Table 2. Estimator simulation result.

SMC- SMO- SMO-EKF  UKF ST SMO
DOB UKF

Simulation 1 T, RMSE 34890.906 30701.455 31576.705 34582.731  42467.693
T, NRMSE 0.107589  0.094675  0.097369 0.106638 0.130952
T, Corr 0.948487  0.962295  0.96016 0.953544 0.927273
T, Delay 4.667 1.404 1.722 1.639 2.32
@ RMSE 0.014424  0.011839  0.014465 0.031551 0.011719
@ NRMSE 0.008044 0.006602  0.008067 0.017595 0.006535
& Corr 0.998895  0.999255  0.998889 0.994746 0.999271
@ Delay 0 0 0 0 0

Simulation2 T, RMSE 57649.533 43096.906 44129.07588 46317.0135 56235.9145
T, NRMSE 0.196615 0.146983  0.150503 0.157965 0.191794
T, Corr 0.851349  0.922871  0.918701 0.914918 0.864314
T, Delay 4.536 1.708 1.724 1.635 2.601
@ RMSE 0.014575 0.012036  0.014448 0.031551 0.011854
@ NRMSE 0.008648 0.007141  0.008573 0.01872 0.007033
@ Corr 0.998714  0.999124  0.998737 0.994015 0.99915
@ Delay 0 0 0 0 0

Simulation 3 T, RMSE 65076.349 48748.610 50029.818 53596.498  61443.829
T, NRMSE 0.236916 0.177474  0.182138 0.195123 0.223692
T, Corr 0.746828  0.873772  0.865985 0.856734 0.788421
T, Delay 5.282 1.682 1.674 1.696 2.6
@ RMSE 0.014653  0.012268  0.014618 0.031551 0.01219
@ NRMSE 0.008891 0.007444  0.00887 0.019144 0.007397
@ Corr 0.997828  0.998483  0.997841 0.990039 0.998499
& Delay 0.267 0.201 0.151 0.066 0.221
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Figure 6. Simulation 1: (a) w,, estimation result, (b) ®,, estimation error, (c) T,
result, (d) T, error.

5.1.2. Simulation test case 2

Next, to verify the performance and robustness of the proposed estimator, simulations were
conducted under a different wind speed profile with a turbulence intensity of 12.9%. The wind speed
profile is shown in Figure 5(b), representing a more severe operating condition compared to the 5.7%
turbulence case. The results of Simulation 2 are presented in Figure 7, where Figure 7(a)—(d) illustrates
the rotor speed w,, estimation results, rotor speed w,, estimation errors, aerodynamic torque
estimation T, results, and their corresponding errors, respectively. From Figure 7(a),(b), it can be
observed that the conventional UKF exhibits a large error range due to disturbances, whereas the
proposed SMO-UKF demonstrates robust rotor speed estimation against disturbances through the
SMO. Furthermore, as shown in Figure 7(c),(d), the conventional ST-SMO, SMC-DOB, and UKF all
produce significant estimation errors during rapid changes in aerodynamic torque. In contrast, the
proposed SMO-UKF maintains fast response and low estimation error despite abrupt disturbance
variations. This can be interpreted as the SMO effectively filtering disturbance and noise components
in advance, allowing the UKF to perform accurate state estimation based on the refined input. The
quantitative results are summarized in Table 2, where the proposed SMO-UKF improves the RMSE of
aerodynamic torque estimation by 2.34% and the RMSE of rotor speed estimation by 16.7% compared
to SMO-EKF. These results demonstrate that the proposed SMO-UKF method does not rely on a
specific wind speed pattern and can maintain stable and consistent estimation performance under
various disturbance conditions.
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Figure 7. Simulation 2: (a) w,, estimation result, (b) ®,, estimation error, (c) T,
result, (d) T, error.

5.1.3. Simulation test case 3

To evaluate the generalization performance of the estimator under varying input conditions and its
robustness against increased disturbances, a wind speed profile with a turbulence intensity of 15%,
different from the previous scenarios, was applied. The wind speed profile is presented in Figure 5(c),
and the results of Simulation 3 are shown in Figure 8. Figure 8(a)—(d) illustrates the rotor speed w,,
estimation results and their corresponding errors, as well as the aerodynamic torque estimation T,
results and their errors, respectively. As observed in Figure 8(a),(b), the conventional UKF exhibits a
large error range due to the effects of turbulence and disturbances. In contrast, ST-SMO, SMC-DOB,
SMO-EKEF, and the proposed SMO-UKF demonstrate robust rotor speed w,,, estimation performance
against disturbances owing to their sliding mode-based characteristics. Meanwhile, as shown in
Figure 8(c),(d), ST-SMO and UKF exhibit relatively large error ranges in aerodynamic torque
estimation T,, and SMC-DOB shows a noticeable delay. On the other hand, the proposed SMO-UKF
estimates the aerodynamic torque in the UKF based on the rotor speed w,, estimated by the SMO,
resulting in a small error range and fast response despite disturbances and turbulence. Quantitatively,
the proposed SMO-UKF improves the RMSE of aerodynamic torque estimation T, by 2.56% and the
RMSE of rotor speed w,, estimation by 16.08% compared to SMO-EKF, as summarized in Table 2.
These results confirm that the proposed SMO-UKF method can provide effective estimation even
under severe turbulence and disturbance conditions.
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Figure 8. Simulation 3: (a) w,, estimation result, (b) w,, estimation error, (c) T,
result, (d) T, error.

The results of the three simulations demonstrate that the proposed SMO-UKF estimator robustly
estimates aerodynamic torque under turbulent wind speed conditions. Even in the presence of
measurement noise and parameter uncertainty, the estimation error remains small throughout the
simulation period. This is because SMO effectively suppresses disturbances in the rotational speed
signal, and UKF utilizes filtered information to precisely estimate nonlinear aerodynamic torque
dynamics. Consequently, the proposed estimator achieves improved estimation accuracy and
robustness compared to existing benchmark techniques. This validity is clearly supported by Table 2.
As shown in Table 2, the proposed SMO-UKF consistently recorded the lowest RMSE and NRMSE
for all turbulent scenarios. This demonstrates excellent state estimation performance even under harsh
turbulent operating conditions.

In this study, simulations were conducted considering sensor noise and parameter uncertainties to
reflect realistic wind turbine operating conditions. Modeling uncertainties were incorporated by
applying £20% variations to the inertia and viscous damping coefficients. In addition, Gaussian noise
was added to the sensor measurements, and high-frequency ripple was included in the generator torque
signal. The proposed SMO-UKEF estimator employs a cascaded structure that combines SMO-based
disturbance and noise rejection with UKF-based nonlinear state estimation, thereby providing a certain
degree of robustness against measurement noise and modeling errors. Accordingly, the proposed
estimator demonstrated stable estimation performance under the uncertainty conditions considered in
this study. However, if the level of uncertainty increases significantly beyond the considered range, or
if severe sensor degradation or sensor failures occur, the estimation accuracy may gradually deteriorate.
This behavior is generally observed in model-based observer structures.

5.2. Fatigue load-aware adaptive torque controller simulation

The proposed controller generates a final torque command by adaptively adjusting weights based
on the aerodynamic torque estimate, the rate of change of torque, and the fatigue load index. In the
proposed controller, @y geros A2ero> X1damp> aNd Az gamp are adaptive weight adjustment

parameters that determine the degree of weight change according to the mismatch between the
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aerodynamic torque and the generator torque 6,,,;s and the rate of change of acrodynamic torque AT,.
It is designed so that wg,,, increases and Wgqm, decreases when &,,;; or AT, increases, and each
parameter determines the sensitivity of this weight redistribution. Additionally, @ mpp: and @z mppt
are parameters that determine the change characteristics of the MPPT weight Wiy, @1 mppt
determines the degree of reduction in the MPPT weighting for the torque fluctuation index Tf,,.; as
the value increases, the MPPT tracking weighting decreases more rapidly in situations with large
torque fluctuations, thereby enhancing the fatigue load reduction effect. On the other hand, a3 ppt
determines the degree of increase in the MPPT weighting according to the aerodynamic torque change
rate |AT,| and plays a role in adjusting the power generation performance so that it does not degrade
excessively even under conditions of large wind speed changes. As each parameter value increases,
weighting adjustments are performed more actively in response to changes in operating conditions,
and the controller's adaptability to changes in aerodynamic torque is improved. However, since
excessive parameter settings can increase weighting variability and cause unnecessary vibrations in
the control input, the final values were selected by considering the balance between power generation
performance and torque fluctuation suppression performance, and are presented in Table 1.

The proposed controller aims to reduce torque fluctuations and fatigue loads while maintaining
MPPT performance. To evaluate the performance of the proposed controller, we compare it with the
performance of the OTC technique and OTC-LFP, which are widely used in the field of wind torque
control [20]. In addition, to analyze the contribution of each component of the proposed controller,
two additional cases are considered: one without the adaptive mechanism and another with reduced
weighting components. Fixed-3W represents the case where the weights are fixed as constant values
without time-varying updates, effectively removing the adaptive mechanism. Fixed-2W represents the
case where Wgqp,, is removed. Through this, the structural validity of the proposed controller and the
contribution of each component were quantitatively evaluated. In particular, the ablation study enables
the individual analysis of the adaptive weighting mechanism and the impact of each control component
on power generation performance and fatigue load reduction, thereby more clearly identifying the
causes of the performance improvement of the proposed controller.

The performance of the proposed controller is evaluated in terms of power capture efficiency and
fatigue load reduction. The evaluation metrics include the average power coefficient Cp, the standard
deviation and rate of change of generator torque, and the DEL based on generator torque. In a DD-
PMSG structure, the generator is directly coupled to the rotor without a gearbox, meaning that the
generator torque is directly transmitted through the drivetrain. Therefore, when torsional dynamics are
neglected or low-frequency behavior is considered, the generator torque can be used as an approximate
indicator of shaft torque. In this study, the DEL is calculated based on load cycles extracted using the
Rainflow counting method, combined with Miner’s rule and S-N curves. To analyze fatigue sensitivity
to load variations, the Wohler exponent m is set to 4, 6, and 8. In general, a larger m value implies
higher sensitivity to large load cycles; therefore, analyzing multiple m values allows for a more
comprehensive evaluation of the fatigue reduction performance of the proposed controller [5,45]. DEL
is an indicator that represents the cumulative fatigue damage caused by a given load history as a single
equivalent load and is widely used to quantitatively compare the effects of fatigue loads between
different control strategies [5,45].

5.2.1.  Simulation 1

To evaluate the performance of the designed controller, simulations were conducted under a
turbulence intensity of 5.7%. The corresponding wind speed profile is shown in Figure 5(a), and the

AIMS Mathematics Volume 11, Issue 6, 18801-18834.



18825

overall simulation results are presented in Figure 9. Figure 9(a) shows the generator torque T,, where
the proposed method effectively suppresses torque fluctuations and peak values. Figure 9(b) presents
the rotor speed w,,, demonstrating that it is maintained stably without unstable behavior during the
control process. Figure 9(c),(d) illustrates the generator power P, and aerodynamic power P,,
respectively, which are maintained at levels nearly identical to those of conventional methods. In
Figure 9(e), the power coefficient €, shows slight reductions in certain intervals; however, this is a
result of control actions aimed at load mitigation. Quantitatively, compared to the conventional OTC
method, the proposed control approach results in reductions of 0.69% in generator power P,, 1.68%
in aerodynamic power P, and 1.53% in average C,. However, the energy conversion efficiency is
improved by 0.7%, while the torque standard deviation is reduced by 13.53%, and the DEL (m = 6) is
reduced by 15.52%. This indicates that the proposed method achieves more than a 15% reduction in
DEL while incurring less than a 1% loss in output power, demonstrating an effective trade-off between
power performance and load mitigation. The quantitative comparison results are summarized in Table 3.
These results confirm that the proposed control method provides stable control performance and
meaningful fatigue load reduction under a turbulence intensity of 5.7%.

Table 3. Controller simulation results.

OTC OTC-LPF Fixed-2W Fixed-3W Proposed
Simulation I~ Average C,  0.4767 0.4769 0.4752 0.4767 0.4694
P, 210.68 210.75 210.85 210.68 208.7893
P, 221.92 222.00 221.41 221.92 218.299
P,/P, 94.94 94.93 95.23 94.93 95.64
standard 104608.79  104765.53 101113.90 104603.32 9045137
deviation
DEL(m=4) 74869.03  73985.75 72071.02 74493 .87 63345.68

DEL(m=6) 131981.70  130349.50 127059.33 131296.26 111486.83
DEL(m=8) 176554.64  174279.26 169962.91 175590.51 148977.90

Simulation2  Average C,  0.4732 0.4734 0.4717 0.4732 0.4664
P, 183.55 183.61 183.78 183.54 182.25
P, 194.40 194.50 194.21 194.40 192.23
P,/P, 94.42 94.4 94.63 94.41 94.81
standard 7441354 7479326 72026.84 74412.57 65100.66
deviation
DEL(m=4) 5744826  58228.65 55519.16 57130.15 51784.53
DEL(m=6) 98332.61  100021.31 95502.77 97949.07 88887.02
DEL(m=8) 132876.56  135408.14 129310.05 132442.07 120516.38
Simulation3  Average C,  0.4659 0.4663 0.4634 0.4659 0.4575
P, 161.891 162.0177 162.2958 161.8903 161.3823
P, 169.08 169.2214 169.0092 169.086 167.4679
p,/P, 95.75 95.74 96.03 95.74 96.37
standard 70837.06  71424.95 68630.7 70844.76 62713.93
deviation
DEL(m=4) 70296.7 69649.762 67347.66 70212.32 62228.55

DEL(m=6) 118631.04 116867.56 113665.73 118564.67 104466.96
DEL(m=8) 157076.07  154312.21 150515.46 157004.63 138194.95
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Figure 9. Simulation 1: (a) generator torque T,, (b) rotor speed w,,, (c) generator power
P, (d) acrodynamic power P, (¢) power coefficient C,.

5.2.2.  Simulation 2

To evaluate the applicability of the designed controller under various operating conditions,
simulations were conducted under a turbulence intensity of 12.9%. The wind speed profile is shown
in Figure 5(b), and the overall results are presented in Figure 10. Figure 10(a) shows the generator
torque T,. As turbulence intensity increases, conventional methods exhibit larger torque fluctuations
and peaks, whereas the proposed method effectively suppresses these variations. Figure 10(b) shows
the rotor speed w,,, confirming stable operation even under increased fluctuations. Figure 10(c),(d)
presents the generator power P, and aerodynamic power P,, respectively, which remain at levels
comparable to those of conventional methods, indicating no significant degradation in power
performance. In Figure 10(¢), the power coefficient €, shows slight reductions in certain intervals;
however, this can be interpreted as a result of control actions aimed at mitigating increased loads.
Quantitatively, the proposed method shows slight decreases of 0.71% in generator power P, and 1.44%
in average C,, while achieving reductions of 9.61% in DEL (m = 6) and 12.51% in torque standard
deviation. The overall quantitative results are summarized in Table 3, confirming that the proposed
method effectively reduces torque fluctuations and DEL without significant loss in power performance.
Notably, the load reduction performance is maintained even under increased turbulence intensity,
indicating that the proposed control method operates reliably under harsh operating conditions.
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Figure 10. Simulation 2: (a) generator torque T,, (b) rotor speed w,,, (c) generator power
P, (d) acrodynamic power P, (¢) power coefficient C,.

5.2.3.  Simulation 3

To evaluate the performance of the proposed control method under extreme conditions,
simulations were conducted with more aggressive wind profiles and a turbulence intensity of 15%.
The wind speed profile is shown in Figure 5(c), and the overall results are presented in Figure 11.
Figure 11(a) shows the generator torque T,.. Under high turbulence conditions, conventional control
methods exhibit large-amplitude torque fluctuations and peaks, whereas the proposed method
effectively mitigates these variations. Figure 11(b) presents the rotor speed w,,,, which remains stable
despite increased fluctuations, confirming the stability of the control system. Figure 11(c),(d) shows
the generator power P, and aerodynamic power P, respectively, which remain comparable to those
of conventional methods, demonstrating that power performance is maintained even under extreme
conditions. In Figure 11(e), the power coefficient €, decreases in some intervals; however, this can
be interpreted as a result of control actions aimed at alleviating increased loads. Quantitatively,
compared to the conventional OTC method, the proposed method shows slight reductions of 0.31%
generator power P, and 1.8% in average C),. However, it achieves reductions of 11.94% in DEL (m
= 6) and 11.47% in torque standard deviation, confirming that fatigue loads are effectively reduced
without significant power loss. The overall results are summarized in Table 3, demonstrating that the
load reduction performance is maintained even under high turbulence conditions and that the proposed
control method operates reliably under extreme operating conditions.

Simulation results of torque control for fatigue load reduction under three turbulent conditions
showed that the proposed method effectively suppresses generator torque fluctuations caused by
turbulence, smoothing drivetrain dynamics, and mitigating rotational speed variations compared to
conventional methods. It was confirmed that MPPT performance is maintained, with €, remaining
near the optimal region. Collectively, these results demonstrate that the proposed method achieves
stable closed-loop operation under turbulent wind speed conditions by mitigating torque fluctuations
and ensuring consistent energy conversion performance.
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Figure 11. Simulation 3: (a) generator torque T, (b) rotor speed w,,, (c) generator power
P, (d) acrodynamic power P, (¢) power coefficient C,.

Figure 12 presents a trade-off graph comparing the relationship between output performance and
DEL for the proposed method and conventional control methods under three turbulent wind
simulations, along with the DEL results for each simulation and different Wohler exponent m. The x-
axis represents the generator power P,, and the y-axis represents the DEL corresponding to the
generator torque. Each scenario is distinguished by different markers, while each control method is
indicated by different colors. From Figure 12(a)—(c), it can be observed that the proposed control
method effectively reduces DEL while causing almost no loss in generator power P, compared to
conventional methods. This demonstrates that the proposed approach alleviates the trade-off between
output performance and fatigue load while simultaneously improving overall performance.
Furthermore, as shown in Figure 12(d)—(f), the proposed method consistently achieves the lowest DEL
across various simulation conditions with different Wohler exponents and turbulence intensities. A
decrease in DEL means that the rate of cumulative fatigue damage decreases in terms of Miner’s linear
damage rule, and assuming the same operating conditions continue, it indicates the possibility of an
increase in the relative fatigue life of the drivetrain components. In other words, the proposed control
method can be interpreted as working to lower the rate of fatigue damage accumulation by mitigating
load fluctuations [5,45]. These results indicate that the proposed control method maintains robust
performance under diverse operating conditions. Furthermore, the results of the ablation study showed
that Fixed-3W exhibited greater torque fluctuation and DEL compared to Fixed-2W. This demonstrates
that the adaptive mechanism, which adjusts control weights in real-time according to operating
conditions, contributes to the reduction of fatigue load. Meanwhile, although Fixed-2W showed some
improved performance compared to Fixed-3W, the proposed method achieved the lowest torque
fluctuation and DEL. These results indicate that the adaptive weight structure and the damping weight
term work complementarily to effectively reduce fatigue load without a significant degradation in
power generation performance.
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5.3. State estimation and stabilization analysis

To verify the performance of the proposed SMO-UKF estimator, additional state estimation
analysis was performed under constant conditions of a wind speed of 8 m/s. Figure 13 shows the state
estimation performance of the SMO-UKF estimator. Figure 13(a) shows the wind speed, Figure 13(b)
shows the estimated aerodynamic torque, and Figure 13(c) shows the error. As shown in Figure 13, the
estimated aerodynamic torque closely follows the actual aerodynamic torque after a short transient
period. The estimation error initially exhibits a large deviation due to initialization conditions; however,
it rapidly converges to zero and remains negligible in the steady state. These results demonstrate the
convergence, accuracy, and stability of the proposed estimator under steady operating conditions. The
absence of steady-state estimation error confirms that the proposed SMO-UKF scheme can provide
reliable aerodynamic torque information for the fatigue load-aware adaptive torque control system,
thereby contributing to stable turbine operation and improved control performance.
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Figure 13. State estimation performance of the proposed SMO-UKF estimator.
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Figure 14 presents the stabilization performance of the proposed fatigue load-aware adaptive
torque control strategy under a constant wind speed condition. Figure 14(a) shows the wind speed. As
shown in Figure 14(b), the proposed controller achieves a smooth and stable electromagnetic torque
response, converging to a lower steady-state torque level than the conventional optimal torque control
(OTC) strategy. This reduction in torque demand contributes to mitigating mechanical stress and
fatigue loading on the drivetrain components. Furthermore, Figure 14(c) shows that the power
coefficient remains close to its maximum value despite the reduced torque command. Specifically, the
proposed controller maintains a steady-state power coefficient of approximately 0.473, compared to
0.48 obtained by the OTC strategy, corresponding to only a marginal reduction of approximately 1.4%.
These results indicate that the proposed method successfully achieves a favorable trade-off between
load alleviation and energy capture, maintaining near-optimal aecrodynamic efficiency while enhancing
the overall stability of the wind energy conversion system.
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Figure 14. Stabilization characteristics of the proposed fatigue load-aware adaptive torque
control.

6. Conclusions

In this study, we proposed an SMO-UKF-based estimator and a fatigue-aware adaptive torque
control technique capable of effectively reducing fatigue loads on generator drive systems and
minimizing power generation efficiency degradation in wind power environments characterized by
extreme turbulence, sensor noise, and parameter uncertainty. The proposed SMO-UKF estimator
accurately estimated aerodynamic torque and internal state by combining the robustness of SMO with
the nonlinear estimation performance of UKF, while the fatigue-aware adaptive torque controller was
designed to actively balance MPPT tracking performance and fatigue load reduction performance
according to real-time operating conditions. Furthermore, the stability of the proposed estimator and
controller was verified through Lyapunov-based analysis. Simulation results showed that the proposed
SMO-UKF estimator exhibited superior estimation accuracy and response characteristics compared to
existing techniques, and the proposed torque controller reduced DEL by up to 15.39% and torque
standard deviation by up to 13.35% compared to existing OTC, while maintaining output power loss
at less than 1%. Through this, it was confirmed that the proposed method can achieve an effective
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balance between the conflicting control objectives of maintaining power generation performance and
reducing fatigue load. Furthermore, by maintaining stable performance even in high-volume
environments, it is expected to contribute to reducing fatigue damage and maintenance costs in actual
large-scale wind power systems. For actual application in wind turbines, further verification is required
considering realistic constraints such as sensor resolution, actuator saturation, communication latency,
and embedded controller performance. Additionally, verification through Hardware in the Loop (HIL)
testing and actual wind turbine demonstration remains a task for future research.
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