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8 A B S T R A C T9

10

Offshore wind turbine (OWT) rotors have large diameters with flexible blade structures which11

are subject to asymmetrical loads caused by blade flapping and turbulent or unsteady wind flow.12

Rotor imbalance inevitably leads to enhanced fatigue of blade rotor hub and tower structures.13

Hence, to enhance the life of the OWT and maintain good power conversion the unbalanced14

loading requires a reliable mitigation strategy, typically using a combination of Individual Pitch15

Control (IPC) and Collective Pitch Control (CPC). Increased pitch motion resulting from IPC16

activity can increase the possibility of pitch actuator faults and the resulting load imbalance17

results in loss of power and enhanced fatigue. This has accelerated the emergence of new research18

areas combining IPC with the fault tolerant control (FTC)-based fault compensation, a so-called19

FTC and IPC "co-design" system. A related research challenge is the clear need to enhance the20

robustness of the FTC IPC "co-design" to some dynamic uncertainty and unwanted disturbance.21

In this work a Bayesian optimization-based pitch controller using Proportional-Integral (PI)22

control is proposed to improve pitch control robustness. This is achieved using a systematic23

search for optimal controller coefficients by evaluating a Gaussian process model between the24

designed objective function and the coefficients. The pitch actuator faults are estimated and25

compensated using a robust unknown input observer (UIO)-based FTC scheme. The robustness26

and effectiveness of this "co-design" scheme are verified using Monte Carlo simulations applied27

to the 5MW NREL FAST WT benchmark system. The results show clearly (a) the effectiveness28

of the load mitigation control for a wide range of wind loading conditions, (b) the effect of29

actuator faults on the load mitigation performance and (c) the recovery to normal load mitigation,30

subject to FTC action.31

32

1. Introduction33

The power rating of offshore wind turbines (OWTs) and the number of OWT farms are currently increasing world-34

wide to meet the growing demand for carbon-free energy [1]. With this demand there is clearly a need for OWTs to35

be more reliable and sustainable. This motivates the current work responding to two major challenges for sustainable36

operation of an OWT in Region 3 (full-load). The first challenge arises as unexpected OWT component faults lead to37

costly repairs and turbine down time, increasing operation and maintenance (O&M) costs and enhancing the levelized38

cost of energy. The probability of failure depends very much on the type of component. For example, pitch systems39

contribute approximately 22% of the annual turbine downtime second to malfunctions of the electrical subsystem [2].40

Also pitch malfunctions can severely limit OWT operation and sustainability in Region 3, since the purpose of pitch41

control is to limit the power production to the rated value. The second challenge is that larger rotor blades and higher42

towers have resulted in enhanced asymmetrical blade loading due to wind turbulence, gravity, tower shadow, yaw43

misalignment, blade flexible dynamics [3], etc. The mitigation of these unbalanced loads requires advanced individual44

pitch control (IPC) in which the three pitch actuators work through individual control action, to compensate the rotating45

loads. Extensive studies describe the significance of IPC in wind turbines [4–10] and focus on validation of the use of46

IPC in realistic operating conditions [11–17]. Typically, the traditional collective pitch control (CPC) aims to maintain47

the rated generator power output, while the IPC system provides an additional pitch movement for each pitch actuator48

above the standard collective pitch motion with blade flapwise and edgewise loading knowledge. The approaches49

employed in aforementioned studies assume ideal sensing and actuation (i.e. conventional blade root strain gauges50
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[8, 15, 16] or new fiber-optic strain sensors for blade root bending measurements [17]) and negligible variations in51

actuator dynamics.52

However, sensors and actuators in the operation of wind turbines are known to be prone to potential faults, driving53

the emerging fields such as fault detection & diagnosis (FDD) and fault-tolerant control (FTC) for wind turbine faults54

([18–24]). Fault estimation (FE) and compensation have proven to be powerful for minimizing the effects of unexpected55

faults, allowing wind turbine systems to tolerate performance degradation under certain abnormal situations [23]. A56

robust FE-based fault-tolerant controller using unknown input fuzzy observer [18] is built for a 4.8 MW wind turbine57

for generator torque actuator fault and rotor speed sensor fault against modelling errors and noises. An adaptive sliding58

observer-based FTC scheme [19] is proposed to estimate and compensate parametric pitch actuator faults with a59

baseline CPC controller. Similar fault-tolerant collective pitch controller with different wind turbine component faults60

is presented in [24].61

However, compared to the conventional CPC controller, the additional pitch action from IPC is used to reduce62

blade loading without affecting the power output. The load reduction performance comes with much higher activities63

of pitch actuation from the IPC system, which in turn enhances the likelihood of pitch system faults. the existing FTC64

strategies require much higher activities of pitch actuation. The resulting pitch system faults cause a deterioration of65

the IPC load reduction performance because of increased pitch system activity. Therefore, designing both a reliable66

IPC controller and a FTC strategy (fault-tolerant IPC, FTIPC [20]) is of crucial importance to improve the reliability,67

safety, availability, and productiveness of OWTs. A combination of FTC with IPC becomes fundamental and aims to68

restore near-normal OWT function by alleviating the aerodynamic asymmetries and preventing faults from developing69

into serious failure, subsequent to faults that are considered incipient or not severe.70

Nonetheless, the research involving IPC with FTC in the presence of faults is rarely considered. A passive fault-71

tolerant IPC scheme independent of the FDD and FTC process is proposed in the work [10], which presents a72

multivariable model-free adaptive control strategy with differential characteristic is constructed. However, passive73

FTC is relatively conservative and it cannot guarantee the system operates under reasonable performance due to the74

omission of possible fault types. There is a need to either (a) detect and isolate pitch faults whilst they are incipient (or75

small in effect), to inform the following operation and maintenance. If the faults are severe enough the machine can76

be shut-down before the faults become severe. Or (b) the pitch faults can be estimated on-line and then their effects77

compensated within each control loop using FTC. A fault diagnosis and accommodation technique for enabling or78

disabling the IPC according to the fault detection result of the azimuth angle sensor is proposed by [25]. [20] proposed79

a FDD with automatic signal correction system for detection and diagnosis of pitch actuator faults with an adaptive80

Proportional-Integral PI-based IPC algorithm, where the system robustness is verified by Monte Carlo simulation.81

However, the adaptive PI-based IPC algorithm is model-based which still suffers from an issue of robustness due to82

model-plant mismatch. A fault detection and diagnosis (FDD) and automatic signal correction algorithm for a pitch83

actuator fault within an IPC is proposed in [26] which focuses on one hydraulic oil leak fault (leading to pressure84

drop). However, this uses an FDD-based FTC which is complex to implement in a real system since the uncertainty85

in detection involves a detection delay combined with a delay in switching to a healthy redundant control system.86

The work in [26] is an FTC system based on FDD which can be considered an unrealistic way to achieve good FTC87

performance [27].88

As an alternative to residual-based FDD, the FE strategy can be used that estimates both the fault effects and the89

pitch system states. Root bending sensor faults can be detected online through the model-based estimation of first-90

harmonic blade load signal with the wind data from a LiDAR system applied to the IPC system [28]. A fault-tolerant91

individual pitch control scheme is proposed to accommodate pitch actuator-related faults and attain the load mitigation92

performance in the faulty case based on a subspace predictive repetitive control approach [21]. The work presented in93

[29] describes a fault-tolerant IPC strategy against the pitch actuator fault using an adaptive sliding mode observer to94

provide a compensating controller with the fault estimates. The work in [30] proposes an LQR-based IPC strategy for95

simultaneous blade & tower loading mitigation in which the robust fault estimation (FE) is achieved using an unknown96

input observer (UIO), considering four different pitch sensor faults. However, the aforementioned studies except the97

work [20] fail to discuss and verify the system robustness, a significant problem for WT load mitigation, especially98

considering turbulence and changing wind conditions.99

Above all, the present study is instructive for developing a robust active fault-tolerant individual pitch controller,100

promising to advance the state-of-the-art FTIPC field. The first contribution is to design a data-efficient Bayesian101

optimization BO-based PI pitch controller for output power and load reduction control while maintaining the extra102

pitch angle fluctuations as small as possible. The industry standard of PI CPC&IPC control is adopted with the PI103
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gains tuned using the data-efficient BO algorithm, without a requirement for model-based robustness. The algorithm104

computes the maximum of expensive objective functions [31], using Gaussian process (GP) kernel-based machine105

learning [32]. The second contribution is designing a UIO-based FTC scheme for different pitch actuator faults without106

affecting the nominal performance of pitch control under fault-free operation. This feature is very promising in terms107

of industry acceptance and validation. The paper also contributes a thorough robustness analysis using Monte Carlo108

simulation, based on a wide range of tabulated wind loading conditions. This whole study uses the NREL 5MW WT109

FAST simulator [33] with the inclusion of actuator dynamics and the simulation of actuator faults.110

The work has led to the conclusion that the scenario of asymmetrical load reduction is analogous to FTC because111

the action of rotor bending (caused by wind loading) can itself be considered as a fault effect, to be compensated as112

a fault. One can recall that a fault acting in a system is an unwanted effect causing a performance deterioration and113

this is precisely what happens with rotor blade bending. It is interesting to consider "fault effects" acting in the pitch114

actuation and rotor blade systems i.e. actuator faults and bending moment effects. So, adverse root-bending moment115

variations can be considered as faults, or alternatively the measurements of the rotor bending can be considered to116

suffer from sensor faults. Another interesting principle is that the rotor system has a natural triplex dissimilar actuator117

redundancy which is necessary for the accommodation for the fault or imbalance effect. The three actuators play a118

dissimilar redundancy role since they are displaced by positions separated by 120 degrees around the rotor hub.119

The remainder of the paper is organised as follows. Section 2 shows the design of a Bayesian optimization-based120

CPC & IPC PI pitch system using a GP model. Section 3 explains briefly the concept of the "co-design" strategy121

containing the combined PI-based IPC and FE-based FTC scheme. Section 4 describes the Monte Carlo simulation122

results used to evaluate and validate the effectiveness and robustness of the proposed strategy. Finally, load mitigation123

results including pitch actuation faults and the action of the FTC system in restoring "normal IPC" mitigation are shown124

for the chosen loading conditions. The results are given both in the time and frequency-domains. Some conclusions125

are provided in Section 5.126

2. Problem Formulation127

The major aim of this work is to combine FE-based FTC techniques with load mitigation controller for OWs128

through integrated co-design, illustrated in Fig.1. This actuator fault tolerant wind turbine load mitigation control129

strategy contains two parts: (a) a sustainable pitch controller specifically using the PI-based IPC technique to reduce130

the blade imbalance in Region 3 and (b) enhancing the fault-tolerance of proposed load mitigation method in the131

pitch actuator faulty case with unknown input observer UIO-based FTC. Therefore, the sustainability and reliability132

of OWTs are enhanced, thus reducing the operating cost. It is worth noting that the load information denotes the blade133

flapwise bending moments, which are assumed to provided by the conventional blade root strain gauges [8, 15, 16] or134

new fiber-optic strain sensors for blade root bending measurements [17].135
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Figure 1: Proposed actuator fault tolerant wind turbine load mitigation control scheme

2.1. Baseline Pitch Control System136

The FAST NREL 5MW reference turbine is adopted as the offshore wind turbine benchmark model for synthesis137

and evaluation of the fault-tolerant IPC scheme. FAST is a nonlinear aero-elastic structural-dynamic model developed138

Y.Liu et al.: Preprint submitted to Elsevier Page 3 of 24



Fault Tolerant OWT Load Mitigation

by the NREL of the USA for three-bladed horizontal axis wind turbines [33]. The pitch control becomes important139

in Region 3 and the pitch angles are regulated (from 0 degree) to constrain the generator power output [34]. This140

is important to keep the turbine from the excessive loading and damage. Because FAST does not include the pitch141

dynamics, a hydraulic pitch system is adopted and considered in this paper. For large offshore wind turbines suffering142

from extreme aerodynamic loading, hydraulic pitch systems are considered easy-maintenance and fail-safe. Here, each143

hydraulic pitch actuator is modelled as a linear closed-loop second order system. In Region 3, a gain-scheduling144

proportional-integral (PI) pitch controller is adopted as the CPC to change three pitch angles simultaneously, illustrated145

in (1).146

△𝛽𝑟(𝑡) = 𝐺𝐾(𝛽)(𝐾𝑝𝐶𝑃𝐶
(𝑡)△𝑤(𝑡) +𝐾𝑖𝐶𝑃𝐶

(𝑡)∫

𝑡

0
△𝑤(𝑡)𝑑𝑡) (1)

where △𝛽𝑟 denotes small perturbations of the pitch angle reference around the operating condition. △𝑤 denotes147

the error between the rated generator speed set value and the corresponding measurement. 𝐾𝑝𝐶𝑃𝐶
, 𝐾𝑖𝐶𝑃𝐶

represent the148

proportional and integral gains. The gain correction factor 𝐺𝐾(𝜃) is to adjust the values of 𝐾𝑝, 𝐾𝐼 with respect to the149

time-varying wind speed because the sensitivity between the aerodynamic power and blade pitch angle has a nonlinear150

characteristic over Region 3.151

An extra pitch angle generated by the designed PI-based IPC system (i.e. Eq.2) is then added to the collective pitch152

angles individually in order to mitigate the blade unbalanced loading. Two single-input-single-output pitch control153

loops with the same PI parameter values are designed for the main-bearing tilt and yaw moment compensation, as154

illustrated in Fig.2. In this work, additional pitch angle variations from the IPC system typically have frequencies of155

more than 0.1Hz for the studied wind turbine model. The corresponding frequencies of the collective pitch angles156

from the CPC are less than 0.1Hz. In this sense, the IPC strategy is decoupled from the CPC system, thereby avoiding157

the impact of additional introduced pitch angles on generator power instability. The interested reader should refer to158

the earlier literature [35] for further details of the IPC strategy used. In most studies, the PI controller parameters of159

the CPC and IPC systems 𝐾𝑝𝐶𝑃𝐶
, 𝐾𝑖𝐶𝑃𝐶

, 𝐾𝑝𝐼𝑃𝐶 , 𝐾𝑖𝐼𝑃𝐶 are usually tuned manually by trial and error [4], and this is160

considered inefficient and cannot guarantee robust or optimal performance. Therefore, it is fundamental to find an161

appropriate method to improve the performance of the PI-based CPC and IPC controllers.162

𝐶𝑃𝐼−𝐼𝑃𝐶 (𝑠) = 𝐾𝑝𝐼𝑃𝐶 +
𝐾𝑖𝐼𝑃𝐶
𝑠

(2)
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Figure 2: The designed IPC system for load mitigation [29]

2.2. Bayesian Optimization-based Pitch Controller163

Data-driven and learning-based control methods provide interesting alternatives due to their nonlinear function164

approximation and optimization abilities. The optimization algorithm adopted here is Bayesian optimization (BO),165

which is data-efficient in computing the maximum of expensive objective functions [31]. The BO uses Gaussian process166
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(GP) machine learning to establish a surrogate for the objective function and quantify the uncertainty in the surrogate.167

The algorithm then uses the acquisition function defined from the surrogate to decide where to sample the data [36].168

GP regression is a popular kernel-based learning approach with good potential to analyse implicit patterns between a169

series of training datasets [32]. The GP method provides the advantages of modelling flexibility, uncertainty estimation170

as well as learning smoothness and noise parameters from a training dataset [37]. The BO approach is applicable for171

situations where the closed-form mathematical representation of the objective function is unknown, but the noisy172

function observations can be achieved.173

The above description outlines the model-free optimization method for both the PI-based CPC and IPC systems174

using the BO technique. The BO algorithm directly searches for the optimal PI controller coefficients by evaluating the175

designed objective function (i.e. score) at the end of each simulation episode. The GP probabilistic model is adopted176

to map the relationship between the PI-based CPC & IPC controller coefficients and the proposed objective criterion.177

In the GP model, the uncertainty is normally small near the observation value, and becomes large when it is far away178

from the observation value. The GP model describes the favourable attributes of both estimates and predictions of the179

uncertainty bounds with respect to the objective functions.180

Generally speaking, BO uses the GP model (or other surrogate function) to approximate the target function 𝑓 .181

Moreover, the acquisition function is used to decide the next update of the PI controller coefficients 𝑥𝑘+1 to be sampled182

and evaluated based on the GP model [36]. The 𝑥𝑘+1 space of the GP model with high mean and high uncertainty183

is referred to as the promising regions for the next trial. Therefore, the computed decision of the next PI controller184

coefficients represents a trade-off between the exploration (areas with high uncertainty) and exploitation (areas close185

to the current optimal observation). The advantage of the BO algorithm is that a few evaluations are required to find the186

extrema of the objective functions with multiple local maxima (i.e. non-convex optimization). Hence, data efficiency187

is achieved by searching and fitting within the required regions, rather than exploring all of the objective function188

spaces. GP is a random process involving an infinite set of variables, any finite subsets of which are jointly Gaussian189

distributed. The 𝑝𝑟𝑖𝑜𝑟𝑖 statistics of a GP stochastic model 𝑓 (𝑥) can be fully defined by a mean function 𝑚(𝑥) and a190

covariance function 𝑘(𝑥, 𝑥⋆):191

𝑓 (𝑥) ∼ (𝑚(𝑥), 𝑘(𝑥, 𝑥⋆))
𝑚(𝑥) = 𝔼[𝑓 (𝑥)]

𝑘(𝑥, 𝑥⋆) = 𝑐𝑜𝑣(𝑓 (𝑥), 𝑓 (𝑥⋆))
(3)

where 𝑥 ∈ ℝ𝐷 is the input vector, 𝐷 is the dimension of inputs (denotes the dimension of PI parameters here), 𝑓 (𝑥)192

and 𝑓 (𝑥⋆) are arbitrary variables indexed by input pairs 𝑥 and 𝑥⋆. Generally speaking, 𝑘(𝑥, 𝑥⋆) is usually referred to as193

a kernel function, which has various forms all parametrised by some specific hyperparameters 𝜽 [32]. The covariance194

function describes the process behaviour and defines the proximity between arbitrary random points of the Gaussian195

function, which aims to achieve the forecast of value and uncertainty information for the unknown demand point196

from the training dataset [38]. In this study, the rational quadratic (RQ) kernel with automatic relevance determination197

(ARD) is selected as the covariance function:198

𝑘(𝑥, 𝑥⋆) = ℎ2𝑓 [1 +
1
2𝛼

𝑟2(𝑥, 𝑥⋆)]−𝛼

𝑟2(𝑥, 𝑥⋆) =
𝐷
∑

𝑑=1

1
𝜆2𝑑

(𝑥𝑑 − 𝑥⋆𝑑 )
2

(4)

where ℎ𝑓 controls the output scales and 𝜆𝑑 controls the input scales in each 𝑑 dimension, 𝑥𝑑 denotes the 𝑑𝑡ℎ199

dimension variable of input vector 𝑥. 𝛼 > 0 means the shape parameter. The parameter 𝜆𝑑 determines the smoothness200

of the selected covariance function. The hyperparameter vector values 𝜽 = [ℎ𝑓 , 𝛼, 𝜆𝑑]′ can be achieved by the201

optimization of the log marginal likelihood function [32]:202

log 𝑝(𝑦|𝜃) = −1
2
log |𝐾| − 1

2
𝑦𝑇𝐾−1𝑦 − 𝑛

2
log (2𝜋) (5)
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The hyperparameter optimization adopts gradient-based standard non-convex optimization algorithms [39]. In203

order to achieve the target forecast 𝑓⋆ for a new given input 𝑋⋆ from the trained 𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 GP model, the extended204

joint distribution is expressed as follows:205

[

𝑓⋆

𝑦

]

∼
([

𝑚(𝑋⋆)
𝑚(𝑋)

]

,
[

𝑘(𝑋⋆, 𝑋⋆) 𝑘(𝑋⋆, 𝑋)
𝑘(𝑋,𝑋⋆) 𝐾 + 𝜎2𝐼

])

(6)

with 𝑘(𝑋⋆, 𝑋) = 𝑘(𝑥,𝑋⋆)𝑇 = [𝑘(𝑥1, 𝑋⋆),⋯ , 𝑘(𝑥𝑁 , 𝑋⋆)], 𝐾 = 𝐾(𝑋,𝑋) = [𝑘(𝑥1, 𝑋),⋯ , 𝑘(𝑥𝑁 , 𝑋)], where206

input vector 𝑋 = [𝑥1, 𝑥2,⋯ , 𝑥𝑁 ]′, new input vector 𝑋⋆ = [𝑥⋆1 , 𝑥
⋆
2 , ⋯ , 𝑥⋆𝑁 ]′, 𝑦 denotes the known output and 𝑁207

is the number of new inputs. With the optimized 𝜃 from maximizing (5), the above required covariance matrix can208

be achieved with (4). According to the joint Gaussian Distribution Theorem [32], the predicted result for the target is209

illustrated as:210

𝜇(𝑓⋆) = 𝑚(𝑋⋆) + 𝑘(𝑋⋆, 𝑋)[𝐾 + 𝜎2𝐼]−1(𝑌 − 𝑚(𝑋))

𝑣𝑎𝑟(𝑓⋆) = 𝑘(𝑋⋆, 𝑋⋆) − 𝑘(𝑋⋆, 𝑋)[𝐾 + 𝜎2𝐼]−1𝑘(𝑋,𝑋⋆)
(7)

For a given GP model, the acquisition function is used to provide an optimization search guide for the objective211

function optimum. In this study, the Gaussian process upper confidence bound (GP-UCB) method is adopted as the212

acquisition function [40], which is shown as follows:213

𝑎𝑈𝐶𝐵(𝑥; {𝑋, 𝑦}, 𝜃) = 𝜇(𝑥) +
√

𝜂𝛽𝑚𝑣𝑎𝑟2(𝑥),

𝛽𝑚 = 2𝑙𝑛(𝐷𝐾2𝜋2∕(6𝛿))
(8)

where 𝑚 is the evaluation number, 𝛿 > 0 is the probabilistic tolerance, 𝑣𝑎𝑟 is variance of GP predictions, 𝜂 > 0214

is an adjustable positive conversion efficiency parameter, and 𝛽𝑚 is the learning rate to obtain the optimal regression215

performance. The following acquisition function is used to determine which PI controller parameter values should be216

evaluated in the next step:217

𝑥𝑚+1 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑥𝑎𝑈𝐶𝐵(𝑥) (9)

In this study, the aim is to determine the optimal PI controller coefficients for both the PI-based CPC and IPC to218

maximize this criterion. That is, CPC is used to reduce the generator power fluctuations and tower fore-aft/side-side219

bending moments. The IPC controller aims to mitigate the blade flapwise bending moments. Therefore, the objective220

function (score) used for optimizing the PI parameters is shown as (10), where 𝑠𝑡𝑑 denotes the standard deviation.221

𝑆𝑐𝑜𝑟𝑒𝐶𝑃𝐶 = 𝜌1𝑠𝑡𝑑(𝑒𝑟𝑟𝑜𝑟(𝐺𝑒𝑛𝑠𝑝𝑒𝑒𝑑)) + 𝜌2𝑠𝑡𝑑(𝑡𝑜𝑤𝑒𝑟𝑓𝑜𝑟𝑒)
+ 𝜌3𝑠𝑡𝑑(𝑡𝑜𝑤𝑒𝑟𝑠𝑖𝑑𝑒)

𝑆𝑐𝑜𝑟𝑒𝐼𝑃𝐶 = 𝜌4𝑠𝑡𝑑(𝑏𝑒𝑛𝑑𝑖𝑛𝑔1) + 𝜌5𝑠𝑡𝑑(𝑏𝑒𝑛𝑑𝑖𝑛𝑔2)∕100
+ 𝜌6𝑠𝑡𝑑(𝑏𝑒𝑛𝑑𝑖𝑛𝑔3)

with 𝜌1 = 1, 𝜌2 = 0.01, 𝜌3 = 0.02, 𝜌4 = 𝜌5 = 𝜌6 = 0.01

(10)

The block diagram of the proposed BO-based PI pitch controller is illustrated in Fig.3. The BO based on a GP model222

is used to update the PI-based CPC/IPC controller with a high possibility of increasing the rewards (criteria) and then223

collecting the new OWT performance (PI controller parameters and objective function evaluations) to enhance the GP224

model. Moreover, each optimization loop is carried out under the same wind condition. In this case, the relationship225

between rewards and PI parameters can be approximated by a GP model. By repeating this process, the GP model226

can iteratively approximate the real objective function in regions with potentially optimal performance. Eventually, the227

PI-based CPC/IPC controller learns the optimal controller coefficients by interacting directly with the OWT.228

The flowchart of the tuning of the proposed pitch controller using the BO algorithm is shown in Fig.4, where 𝑥0 is229

the vector of initial PI parameters 𝐾𝑝𝐶𝑃𝐶
, 𝐾𝑖𝐶𝑃𝐶

, 𝐾𝑝𝐼𝑃𝐶 , 𝐾𝑖𝐼𝑃𝐶 , 𝑓 is the initial GP model between the criterion and the230
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1
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Figure 3: Bayesian optimization-based PI pitch controller

PI controller parameters. 𝑚 is the optimization evaluation number, 𝐿𝐵 and 𝑈𝐵 are the set lower and upper bounds of231

the PI controller, respectively. According to the experiment, the evaluation time of each optimization loop is 300s. The232

stopping criteria denotes the evaluation number 𝑚 is larger than the defined value or the score discrepancy is smaller233

than 0.001.234

FAST WT

Updated PI controller gains

Have 300s elapsed?

Yes

No

CPC/IPC pitch angles

If stop criteria satisfied?
No

 Break

Initialization: f, x0, LB, UB, m=0

Bayesian Optimization

PI-based CPC/IPC 
Controller

Evaluate f  by using the Score

 Update GP, refit if necessary

m=m+1 

Yes

Figure 4: Flowchart of the PI-based CPC/IPC wind turbine pitch controller using BO algorithm
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3. Pitch Actuator System Fault Modelling and FE-based FTC Design for Fault235

Compensation236

3.1. Pitch Actuator System Fault Modelling237

A hydraulic pitch actuator modelled as a closed-loop second order system [41] is applied in the NREL 5MW WT238

model to enable the actuator FE signals to be generated. The three pitch systems are assumed to have the same dynamics239

in the fault-free case, as shown in (11). Due to the physical system constraints, pitch angles and rates are restricted to240

[0,90]◦ and [-8,8]◦∕𝑠 in the simulation.241

𝛽
𝛽𝑟

=
𝑤𝑛0

2

𝑠2 + 2𝜉0𝑤𝑛0𝑠 +𝑤𝑛0
2

(11)

where 𝜉0 and 𝑤𝑛0 are the nominal damping ratio and natural frequency parameters. 𝛽 and 𝛽𝑟 are the pitch actuator242

output and rated pitch angles, respectively. In this study, only pitch actuator-related fault are investigated including243

the pitch actuator initial faults with changing dynamics and loss of effectiveness, as illustrated in Fig.5. The following244

section will illustrate the faulty pitch system modelling.245

Wind 
Turbine

Pump 
Station

Proportional valve 1

Cylinder 1
CPC
&IPC

Pitch 
Sensor

Accumulator

-

br

bm

+werror

Fault fa

M1,2,3

bLimits

Figure 5: Wind turbine hydraulic pitch system with pitch actuator faults

3.1.1. Pitch Actuator Initial Faults with Changing Dynamics246

Some potential hydraulic pitch system faults include the oil leakage due to oil seal failure or improper hydraulic247

fluid management, the pump damage resulting from continuous pump operation, as well as the high air content in oil,248

which are referred to as "pitch actuator initial faults with changing dynamics". This kind of fault itself requires manual249

off-line maintenance. If the pitch actuator dynamics change too much, the pitch system will not be able to pitch the250

corresponding blade to the desired position.251

These will lead to the situation where the blade pitch system has changed dynamics (𝜉0, 𝑤𝑛0 ), causing slow252

pitching performance and unstable turbine outputs. It will even lead to the "pitch actuator stuck fault (i.e. seized253

blade movement), requiring repair during turbine shut-down [42]. The faulty parameters can be modelled as convex254

combinations of 𝜉0𝑤𝑛0 , 𝑤2
𝑛0

and the fault level 𝜃𝑓 [29]:255

𝑤2
𝑛 = 𝑤2

𝑛0
+ (𝑤2

𝑛𝑓
−𝑤2

𝑛0
)𝜃𝑓

𝜉𝑤𝑛 = 𝜉0𝑤𝑛0 + (𝜉𝑓𝑤𝑛𝑓 − 𝜉0𝑤𝑛0 )𝜃𝑓
(12)

where 𝜉𝑓 and 𝑤𝑛𝑓 denote the dynamic parameters in the faulty case. The parameter 𝜃𝑓 ∈ [0, 1] indicates the fault256

level, where the larger the 𝜃𝑓 is, the more severe the actuator fault is. The corresponding dynamic parameters are257

illustrated in Table.1. From (12), the corresponding pitch actuator state-space model with initial fault 𝑓𝑎 and unknown258

disturbance 𝑑 and measurement noise 𝑑𝑠 can be illustrated as (13), where 𝐷 and 𝐷𝑠 denote disturbance and sensor259

noise distribution matrices. 𝛽𝑚 is the system output, that is, the measured pitch angles. 𝐹𝑎 denotes the fault distribution260

matrix.261
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Table 1
Pitch system parameters

Fault type Dynamic parameters Reversible
Fault-free 𝑤𝑛0 = 11.11 𝑟𝑎𝑑∕𝑠, 𝜉0 = 0.6 N/A
Hydraulic leakage 𝑤𝑛𝑓 = 3.42 𝑟𝑎𝑑∕𝑠, 𝜉𝑓 = 0.9 ×
Pump wear 𝑤𝑛𝑓 = 7.27 𝑟𝑎𝑑∕𝑠, 𝜉𝑓 = 0.75 ×
High air content 𝑤𝑛𝑓 = 5.73 𝑟𝑎𝑑∕𝑠, 𝜉𝑓 = 0.45

√

⎡

⎢

⎢

⎣

�̇�

𝛽

⎤

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

0 1

−𝑤2
𝑛0

−2𝜉0𝑤𝑛0

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

𝛽

�̇�

⎤

⎥

⎥

⎦

+
⎡

⎢

⎢

⎣

0

𝑤2
𝑛0

⎤

⎥

⎥

⎦

𝛽𝑟

+ 𝐹𝑎𝑓𝑎 +𝐷𝑑

𝛽𝑚 =
[

1 0
]

⎡

⎢

⎢

⎣

𝛽

�̇�

⎤

⎥

⎥

⎦

+ 𝐸𝑠𝑑𝑠

𝑓𝑎 = (1 −
𝑤2

𝑛𝑓

𝑤2
𝑛0

)(𝛽 − 𝛽𝑟)𝜃𝑓 + 2(
𝜉0
𝑤𝑛0

−
𝜉𝑓𝑤𝑛𝑓

𝑤2
𝑛0

)𝜃𝑓 �̇�

𝐹𝑎 =
⎡

⎢

⎢

⎣

0

𝑤2
𝑛0

⎤

⎥

⎥

⎦

(13)

3.1.2. Pitch Actuator Loss of Effectiveness (LOSS)262

Blade pitch actuators typically operate precisely to the pitch controller’s reference (i.e. 100% effectiveness).263

However, the long-term operation of pitch actuators without proper maintenance will lead to changes in the pitch264

actuator dynamic response including faults with unknown or uncertain loss of effectiveness [43]. This partial loss265

of effectiveness fault (<100% effectiveness) means that the pitch actuators cannot achieve the pitch angle references266

from the CPC and IPC systems in a timely and accurate way. This generic actuator fault is normally caused by ageing267

internal components and leads to hydraulic leakage, clogging pumps or changes in dynamic parameter values. Hence,268

the performances of both the power regulation and blade load mitigation are degraded severely.269

𝛽 = 𝛾 ∗
𝑤2

𝑛0

𝑠2 + 2𝜉𝑤𝑛0𝑠 +𝑤2
𝑛0

∗ 𝛽𝑟 (14)

where 𝛾 ∈ [0, 1] denotes the effectiveness level, 𝛾 = 1 means the actuator is 100% effective, 𝛾 = 0 is the total loss.270

The corresponding pitch actuator state-space model is illustrated in (15), where 𝑓𝑎 is the pitch actuator LOSS fault.271

It can be concluded that Eq.(13) and Eq.(15) share the same format, thus the faulty pitch system can be presented by272

the same state-space model. Therefore, the proposed fault estimation-based FTC scheme can compensate for these two273

different pitch actuator faults.274
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⎡
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⎡

⎢

⎢

⎣

0
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𝑛0

⎤

⎥

⎥

⎦

𝛽𝑟

+ 𝐹𝑎𝑓𝑎 +𝐷𝑑

𝛽𝑚 =
[

1 0
]

⎡

⎢

⎢

⎣

𝛽

�̇�

⎤

⎥

⎥

⎦

+ 𝐸𝑠𝑑𝑠

𝑓𝑎 = (𝛾 − 1)𝛽𝑟

𝐹𝑎 =
⎡

⎢

⎢

⎣

0

𝑤2
𝑛0

⎤

⎥

⎥

⎦

(15)

The open-loop performance of one pitch actuator system in various faulty cases is evaluated and shown in Fig. 6.275
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Figure 6: Step response of one pitch actuator system in different situations

Therefore, the linear representation of the faulty pitch system based on (13), and (15) can be expressed as:276

�̇�𝑤 = 𝐴𝑥𝑤 + 𝐵𝑢 + 𝐹𝑎𝑓𝑎 +𝐷𝑑
𝑦 = 𝐶𝑥𝑤 + 𝐸𝑠𝑑𝑠

(16)

where 𝑥𝑤 ∈ 𝑅𝑛×1 and 𝑢 ∈ 𝑅𝑚×1 represent the pitch system state matrix and control inputs, respectively. 𝑦 ∈ 𝑅𝑝×1
277

denotes the system measurements. 𝑑 ∈ 𝑅𝑙×1 means a combined effect of unknown disturbance and modelling278

uncertainty. 𝑓𝑎 ∈ 𝑅𝑠×1, 𝐹𝑎 ∈ 𝑅𝑛×𝑠 are the assumed actuator faults and fault distribution matrices. 𝐸𝑠 ∈ 𝑅𝑝×𝑟 and279

𝑑𝑠 ∈ 𝑅𝑟×1 are the assumed measurement noise and sensor noise distribution matrices. The constant system matrices280

𝐴 ∈ 𝑅𝑛×𝑛, 𝐵 ∈ 𝑅𝑛×𝑚, 𝐷 ∈ 𝑅𝑛×𝑙, 𝐶 ∈ 𝑅𝑝×𝑛 are known with 𝑛 = 6, 𝑚 = 3, 𝑙 = 6, 𝑝 = 3, 𝑠 = 3 , 𝑟 = 3.281

3.2. FE-based FTC Design for Fault Compensation282

3.2.1. UIO-based FE design283

To obtain the actuator fault estimation, the fault 𝑓𝑎 is modelled as an additional state component in the UIO error284

dynamics and the first order derivative of the actuator faults ̇𝑓𝑎 is augmented as a disturbance, thus completing the285

augmented (state & fault) linear pitch system model given by:286
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̇̄𝑥 = �̄��̄� + �̄�𝑢 + �̄�𝑑
𝑦 = �̄��̄� + 𝐸𝑠𝑑𝑠

(17)

�̄� =
[

𝐴 𝐹𝑎
𝟎 𝟎

]

, �̄� =
[

𝐵
𝟎

]

, �̄� =
[

𝐷 𝟎
𝟎 𝐼

]

, �̄� =
[

𝐶 𝟎
]

,

�̄� =
[

𝑥𝑤
𝑓𝑎

]

, 𝑑 =
[

𝑑
̇𝑓𝑎

]

where �̄� ∈ 𝑅(𝑛+𝑠)×1, 𝑑 ∈ 𝑅(𝑙+𝑠)×1 and �̄� ∈ 𝑅(𝑛+𝑠)×(𝑛+𝑠), �̄� ∈ 𝑅(𝑛+𝑠)×𝑚, �̄� ∈ 𝑅𝑛×(𝑙+𝑠), �̄� ∈ 𝑅𝑝×(𝑛+𝑠).287

The following Assumptions and Lemmas illustrated in the Appendix form the basis for the robust UIO-based FTC288

design. On satisfying the Assumptions, the following UIO system [44] is proposed to estimate �̄�:289

�̇� = 𝑀𝑧 + 𝐺�̄�𝑢 + 𝐿𝑦
̂̄𝑥 = 𝑧 +𝐻𝑦

(18)

where 𝑧 ∈ 𝑅(𝑛+𝑠)×1 denotes the observer states, and ̂̄𝑥 ∈ 𝑅(𝑛+𝑠)×1 is the estimate of �̄�. The designed matrices290

𝑀 ∈ 𝑅(𝑛+𝑠)×(𝑛+𝑠), 𝐺 ∈ 𝑅(𝑛+𝑠)×(𝑛+𝑠), 𝐿 ∈ 𝑅(𝑛+𝑠)×𝑝 and 𝐻 ∈ 𝑅(𝑛+𝑠)×𝑝 are of appropriate dimensions.291

The estimation error state is 𝑒𝑥 = �̄� − ̂̄𝑥, with dynamics:292

�̇�𝑥 = ̇̄𝑥 − ̇̄̂𝑥
= (Ξ�̄� − 𝐿1�̄�)𝑒𝑥 + Θ1𝑧 + Θ2𝑦 + Θ3𝑢
+ Ξ�̄�𝑑 − 𝐿1𝐸𝑠𝑑𝑠 −𝐻𝐸𝑠�̇�𝑠

𝑒𝑦 = �̄�𝑒𝑥 + 𝐸𝑠𝑑𝑠

(19)

Ξ = 𝐼𝑛+𝑠 −𝐻�̄�,𝐿 = 𝐿1 + 𝐿2,Θ1 = Ξ�̄� − 𝐿1�̄� −𝑀
Θ2 = (Ξ�̄� − 𝐿1�̄�)𝐻 − 𝐿2,Θ3 = (Ξ − 𝐺)�̄�

(20)

To guarantee asymptotic stability of system (19), it is further assumed that the following conditions are satisfied:293

M is Hurwitz, 𝑎𝑛𝑑 ∶ Θ1 = 0, Θ2 = 0, Ξ − 𝐺 = 0 (21)

By satisfying (20)-(21), the error system (19) becomes:294

�̇�𝑥 = (Ξ�̄� − 𝐿1�̄�)𝑒𝑥 + Ξ�̄�𝑑 − 𝐿1𝐸𝑠𝑑𝑠 −𝐻𝐸𝑠�̇�𝑠
𝑒𝑦 = �̄�𝑒𝑥 + 𝐸𝑠𝑑𝑠

(22)

The term Ξ�̄�𝑑−𝐿1𝐸𝑠𝑑𝑠−𝐻𝐸𝑠�̇�𝑠 indicates the effects of system disturbance and measurement noise acting on the295

UIO error dynamics (22). These uncertainties limit the accuracy of the UIO system state and fault estimates. Hence,296

the augmented observer (18) is required to be both stable and a robust UIO system with 𝑒𝑥 converging asymptotically297

to zero in finite time. This requires all the eigenvalues of 𝑀 to be assigned to the left half of the complex plane. Here,298

the effects of uncertainties are attenuated using 𝐻∞ optimization [27].299

Theorem 1. If there exist a symmetric positive definite matrix 𝑃 ∈ ℝ(𝑛+𝑠)×(𝑛+𝑠) and appropriate matrices 𝑀1 ∈300

ℝ(𝑛+𝑠)×𝑠 and 𝑀2 ∈ ℝ(𝑛+𝑠)×𝑠, the error system (22) is robustly stable with 𝐻∞ performance satisfying ‖𝐺𝑒𝑥𝑑‖∞ < 𝜆301

for any disturbance 𝑤𝑑 ∈ 2(0,∞) and a specific constant parameter 𝜆. Thus, one sufficient condition is:302
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⎡

⎢

⎢

⎢

⎢

⎢

⎣

Δ11 (𝑃 −𝑀1�̄�)�̄� −𝑀2𝐸𝑠 + �̄�𝑇𝐸𝑠 −𝑀1𝐸𝑠 �̄�𝑇
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⋆ ⋆ ⋆ ⋆ −𝐼

⎤

⎥

⎥

⎥

⎥

⎥

⎦

< 0 (23)

where Δ11 = 𝐻𝑒(𝑃 �̄�−𝑀1�̄��̄�−𝑀2�̄�), with 𝐻𝑒(𝑋) = 𝑋+𝑋𝑇 . 𝑀1 = 𝑃𝐻,𝑀2 = 𝑃𝐿1. The disturbance matrix303

is 𝑤𝑑 = [𝑑 𝑑𝑠 �̇�𝑠]𝑇 . Theorem 1 can be proved jointly by Lemma 1 and the Schur Complement Theorem [45].304

On satisfying the LMI (23), the availability of the designed UIO with stable error dynamics is guaranteed. However,305

𝑒𝑥 will further affect the closed-loop system transient performance, which can be attenuated if the observer dynamics306

are designed to be much faster than the closed-loop system dynamics. Therefore, a pole placement constraint introduced307

in Lemma 2 is used to place the eigenvalues of matrix 𝑀 within a suitable vertical strip region.308

Remark 1. The observer eigenvalues (22) can be placed to the vertical region  ∶ 𝑎 < 𝑅𝑒(𝜂) < 𝑏 with given negative309

scalars 𝑎 and 𝑏 (𝑎 < 𝑏 < 0), such that:310

[

2Δ11 − 2𝑏𝑃
⋆

0
−2Δ11 + 2𝑎𝑃

]

< 0 (24)

A positive constant 𝜆 together with negative parameters 𝑎,𝑏 are selected appropriately. By solving the LMIs (23) and311

(24), 𝑃 , 𝑀1, 𝑀2 can be achieved. Furthermore, the matrices 𝐿1 and 𝐻 are obtained with 𝐻 = 𝑃−1𝑀1, 𝐿1 = 𝑃−1𝑀2.312

Thus 𝑀 , 𝐺, 𝐻 and 𝐿 can be achieved subsequently from (20)-(21). The actuator fault estimation 𝑓𝑎 can thus be313

achieved by the designed UIO system.314

3.2.2. FTC design315

Given that the actuator fault is matched to the control channel (Assumption 1 satisfied), the pitch actuator fault can316

be compensated directly using a straightforward strategy to achieve fault-tolerance, whereby the reconstructed faults317

are subtracted from the pitch control reference:318

𝛽𝑟_𝐹𝑇𝐶 = 𝛽𝑟𝑓 − 𝑓𝑎 (25)

Moreover, 𝑓𝑎 is set to zero in the first 10s of the simulation to avoid feeding back the initial transients. After applying319

the correction (25), the pitch system with FTC is:320

�̇�𝑤 = 𝐴𝑥𝑤 + 𝐵(𝑢 − 𝑓𝑎) + 𝐹𝑎𝑓𝑎 +𝐷𝑑
𝑦 = 𝐶𝑥𝑤

(26)

It can be seen clearly from the above that the modification parameter has the value 𝑘 = 1 in the fault-free case.321

The compensating controller is active if and only if a fault 𝑓𝑎 happens. The performance of the proposed FTC system322

depends on the accuracy of the FE action. Therefore, the proposed FTC controller (26) can compensate the faults323

effectively which enables the faulty pitch system operates as a normal pitch system. Hence, according to the above324

discussion, the BO-based PI pitch controller scheme is proposed, as shown in Fig.7 consisting of: (a) BO-designed PI325

controllers (CPC & IPC), where the PI-IPC makes use of the Coleman Transformation based scheme (see [5, 30]) and326

the pitch angle & rate constraints are applied; (b) (UIO design with 𝐻∞ optimization) FE-based FTC considering the327

pitch actuator fault.328
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Figure 7: Proposed Bayesian optimization-based WT pitch controller and fault-tolerant IPC "co-design" scheme

Table 2
Verified wind conditions (WCs)

Load Case MWS TI WS Load Case MWS TI WS
L18_1 18m/s 0.204 0.049 L21_1 21m/s 0.126 0.122
L18_2 18m/s 0.032 0.093 L21_2 21m/s 0.122 0.200
L18_3 18m/s 0.158 0.050 L21_3 21m/s 0.199 0.117
L18_4 18m/s 0.024 0.181 L21_4 21m/s 0.088 0.243
L18_5 18m/s 0.070 0.079 L21_5 21m/s 0.112 0.145
L18_6 18m/s 0.137 0.196 L21_6 21m/s 0.210 0.103
L18_7 18m/s 0.039 0.135 L21_7 21m/s 0.011 0.125
L18_8 18m/s 0.243 0.025 L21_8 21m/s 0.197 0.040
L18_9 18m/s 0.200 0.046 L21_9 21m/s 0.047 0.296
L18_10 18m/s 0.035 0.248 L21_10 21m/s 0.167 0.259
L18_11 18m/s 0.105 0.162 L21_11 21m/s 0.147 0.117
L18_12 18m/s 0.198 0.023 L21_12 21m/s 0.169 0.136
L18_13 18m/s 0.188 0.234 L21_13 21m/s 0.090 0.074
L18_14 18m/s 0.204 0.246 L21_14 21m/s 0.155 0.235
L18_15 18m/s 0.208 0.089 L21_15 21m/s 0.149 0.292
L18_16 18m/s 0.146 0.111 L21_16 21m/s 0.005 0.274
L18_17 18m/s 0.142 0.153 L21_17 21m/s 0.021 0.167
L18_18 18m/s 0.133 0.146 L21_18 21m/s 0.167 0.057
L18_19 18m/s 0.154 0.194 L21_19 21m/s 0.163 0.045
L18_20 18m/s 0.146 0.223 L21_20 21m/s 0.058 0.270

4. Simulation Results329

The effectiveness of the proposed BO-based fault-tolerant IPC is illustrated through a series of case studies using330

the NREL FAST 5MW offshore wind turbine [33]. The full-field turbulent wind speed is generated by the NREL331

TurbSim software[46]. The robustness and reliability are investigated via extensive Monte Carlo simulations. In total,332

40 wind conditions have been carried out by considering different wind profiles with mean hub-height wind speed333

(MWS) 18 & 21 m/s, turbulence intensity (TI) within [0,0.25] and wind shear (WS) within [0,0.3], as shown in Table334

2 and Fig.8. Each simulation loop lasts for 1000s and the simulation sampling interval is 0.0125s.335

The Monte-Carlo simulation results aim to (a) illustrate the proposed BO-based load mitigation controller336

performance for a wide range of wind loading conditions in the fault-free case, (b) investigate the actuator fault effects337

on the load mitigation performance and the recovery to normal load mitigation subject to FTC action in the both338

one-fault and multi-fault case. In order to analyze the results clearly, the different simulation scenarios are defined with339

name abbreviations. Table.3 explains the defined names at the hub-height wind speed of 18m/s, where 𝑓 denotes pitch340
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Figure 8: The distribution of verified wind conditions

Table 3
Wind turbine performance comparison results under various conditions

Name Baseline System Compared System
18CPC_PIVS Old PI-CPC (no 𝑓 no FTC) New PI-CPC (no 𝑓 no FTC)
18IPC_PIVS Old PI-IPC (no 𝑓 no FTC) New PI-IPC (no 𝑓 no FTC)
18CPC_fault New PI-CPC (no 𝑓 no FTC) New PI-CPC (with 𝑓 no FTC)
18IPC_fault New PI-IPC (no 𝑓 no FTC) New PI-IPC (with 𝑓 no FTC)
18CPC_FTC New PI-CPC (with 𝑓 no FTC) New PI-CPC (with 𝑓 & FTC)
18IPC_FTC New PI-IPC (with 𝑓 no FTC) New PI-IPC (with 𝑓 & FTC)

actuator fault. Similar explanations follow for the other cases under hub-height wind speed of 21m/s. A defined name341

ends with “_PIVS” reflects the effectiveness of designed Bayesian optimization-based PI scheme. A defined name342

ends with “_fault” shows the effects of considered pitch actuator faults on WT performance. A defined name ends with343

“_FTC” reflects the effectiveness and robustness of designed fault-tolerant IPC scheme using BO algorithm. A defined344

name with “CPC” represents the pitch system contains only the CPC controller. A defined name with “IPC” indicates345

that the pitch system consists of the CPC and IPC controller.346

The performance comparison = (Considered OWT performance − Original OWT performance)/ Original OWT347

performance is adopted here. The considered OWT performance denotes the standard deviations (STD) of generator348

power fluctuation, blade flapwise bending 1&2&3, main bearing tilt/yaw moment, tower fore-aft/side-side bending349

moment and pitch angles/rates. The considered OWT performance is under the "baseline system" shown in Table. 3.350

The original OWT performance is under the "compared system"in Table. 3. Note that, the lower the performance the351

better the optimization performance is achieved.352

4.1. Fault-free Case353

Two BO-optimization loops of IPC and CPC are implemented to obtain optimal parameters 𝐾𝑝𝐶𝑃𝐶
, 𝐾𝑖𝐶𝑃𝐶

, 𝐾𝑝𝐼𝑃𝐶 ,354

𝐾𝑖𝐼𝑃𝐶 under the wind condition with hub-height 21m/s, 0.219 TI, 0.280 shear (i.e. high wind speed, high TI and355

high shear) in the fault-free case. Firstly, the BO loop for achieving the best controller parameters of PI-based CPC is356

executed. Then the BO loop for the PI-based IPC is performed on the basis of the optimal CPC parameters. The related357

optimization settings and optimization results of the two BO loops are represented in Table.4. The initial starting points358

of BO loops are the original parameters of the CPC and IPC controllers obtained by manual tuning. For the system359

functional safety, the upper & lower bounds of the PI parameters are restricted to a small range.360

The changes of 𝐾𝑝𝐶𝑃𝐶
, 𝐾𝑖𝐶𝑃𝐶

, 𝐾𝑝𝐼𝑃𝐶 , 𝐾𝑖𝐼𝑃𝐶 with the iteration number during the BO process are shown in Fig.9,361

where the first subplot represents the change in score. Note that the corresponding PI parameters with the smallest362

evaluation score are the optimal case. For the PI-based CPC optimization loop, the original score using (10) decreases363
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Table 4
Settings and results of two BO loops

Step 1: PI-based CPC BO loop
Starting point 𝑥0 = [0.01882861 0.008068634]
Lower bounds 𝐿𝐵 = [0.01 0.003]
Upper bounds 𝑈𝐵 = [0.08 0.02]

Iteration number 𝑚 = 40
Results 𝐾𝑝𝐶𝑃𝐶

= 0.065313, 𝐾𝑖𝐶𝑃𝐶
= 0.011674

Step 2: PI-based IPC BO loop
Starting point 𝑥0 = [0.00002 0.00001]
Lower bounds 𝐿𝐵 = [0.000005 0.000001]
Upper bounds 𝑈𝐵 = [0.00006 0.00003]

Iteration number 𝑚 = 40
Results 𝐾𝑝𝐼𝑃𝐶 = 0.000016959, 𝐾𝑖𝐼𝑃𝐶 = 0.000002469

from 482.83 to 283.3, as illustrated in Fig.9 (a). For the PI-based IPC BO loop, the original score decreases from 71.74364

to 69.46, shown in Fig.9 (b). It is important to note that the CPC loop score has been improved substantially within the365

lower and upper settings of PI parameters, and this is reflected in the generator power fluctuation mitigation.366
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Figure 9: Bayesian optimization-based PI pitch controller

Fig.10 shows the Monte Carlo simulation results with updated PI-based CPC & IPC under 40 wind conditions with367

hub-height wind speed 18m/s and 21m/s in the fault-free case. The central marks in the boxes indicates the median368

values. The box bottom and top edges indicate the 25th & 75th percentiles. The whiskers extend to the extreme data369

points not considered as outliers. The outliers are plotted individually using ’+’ symbol.370

It can be seen that the designed BO-based PI controller can decrease the generator power fluctuation around -45%,371

blade flapwise bending moment fluctuation nearly -10%, the tower fore-aft bending -20% under CPC or IPC case.372

Moreover, the tower side-side bending is reduced -10% in the IPC case but enhanced slightly for CPC. This is because373

the tower side-side bending is mainly controlled by the generator torque. The main-bearing tilt/yaw moment is not374

affected too much in this case. The pitch angle and pitch rate fluctuations are mitigated in the IPC case, which means375

the updated IPC controller can achieve better wind turbine performance with less pitch movements. The alleviation of376

pitch activities turns out to be quite important to reduce the increased risk of pitch actuator cyclic fatigue failure in the377

IPC case.378

4.2. One-fault Case379

Here, it is assumed that only one pitch actuator is subjected to the studied pitch actuator fault and the BO-based380

PI CPC &IPC are used in all considered cases. Pitch actuator 1 is considered to suffer from the pitch actuator initial381

faults with changing dynamics during [200,1000]s. Pitch actuator 2 is assumed to suffer from the pitch actuator loss382
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Figure 10: Wind turbine performance with updated PI-based CPC & IPC in the fault-free case

of effectiveness fault during [600,1000]s. In order to demonstrate the fault effects, the fault detection & estimation and383

the FTC performance, the following results are presented and analyzed: (a) Monte Carlo simulation results with pitch384

actuator suffering from one single fault; (b) the FE result.385

The Monte Carlo simulation results for single pitch high air content fault and single pitch actuator loss of386

effectiveness fault are depicted in Fig.11 and Fig.12, respectively. It can be discerned that the power fluctuation and387

the load performance present different levels of increases, especially in the case with pitch actuator LOSS fault. The388

faulty blade flapwise bending moment shows larger fluctuation t than the corresponding root-bending of the other389

two blades with the healthy pitch actuators. To be more specific, the flapwise bending 1 presents 28.9% enhancement390

while flapwise bending moments of actuators 2 and 3 only have 8.9% and 5.3% enhancement in mean value, as shown391

in Fig.11. Similarly, the flapwise bending 2 presents 36.7% enhancement while flapwise bending 1 and 3 only have392

23.1% and 7.7% enhancement in mean value in Fig.12. The enhanced aerodynamic asymmetries on the rotor lead to393

an increase in main bearing tilt and yaw moment. Due to the couplings between the blades and the tower, the tower394

fore-aft and side-side moments presents significant enhancement. Moreover, it is interesting to note that the healthy395

pitch actuators move more frequently to recover the negative fault effect. That is, Fig.11 shows that the pitch rates of396

actuators 2 and 3 are higher than pitch rate of actuator 1 while Fig.12 illustrates the pitch rates of actuators 1 and 3 are397

higher than pitch rate of actuator 2. It is important to notice that the designed FTC can compensate the fault effects.398
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Figure 11: Monte Carlo simulation results under 20 wind conditions with hub-height wind speed 18m/s with pitch actuator 1
suffering from the high air content fault
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Figure 12: Monte Carlo simulation results under 20 wind conditions with hub-height wind speed 21m/s with pitch actuator 2
suffering from the pitch loss fault

Furthermore, Fig.13 depicts the FE results of the pitch actuator with high air content fault and loss of effectiveness399

fault under one specific wind condition. It can be seen that the fault estimation can follow the actual pitch fault trajectory400

well. The magnitude of fault 2 is larger than that of fault 1. Accurate fault estimation is essential to guarantee fault-401

tolerance performance, which can avoid error propagation in the FE-based FTC scheme.402
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Figure 13: FE results

4.3. Multi-fault Case403

Pitch actuator 1 is assumed to suffer from the hydraulic leakage fault 𝑓1 during [300, 500]𝑠, and at the same time404

pitch 2 suffers from the LOSS fault 𝑓2 with 𝛾 = 0.7 within [600, 1000]𝑠. Extensive simulation results conducted under405

the 40 wind conditions defined in Table.2 are presented.406

To show the goodness of the FE computation, the normalized root mean-squared error (NRMSE) is used as the407

evaluation criterion, which varies between 0 to 1 (bad fit - perfect fit) as shown in (27). 𝑓 denotes the pitch actuator408

fault, 𝑓𝑒 is the corresponding fault estimation, 𝑛𝑜𝑟𝑚 indicates the 2-norm of the fault vector, and 𝑚𝑒𝑎𝑛 denotes the409

vector mean value. The NRMSE of FE results under different pitch controllers is shown in Table. 5.410

𝑁𝑅𝑀𝑆𝐸 = 1 − (𝑛𝑜𝑟𝑚(𝑓 − 𝑓𝑒))∕(𝑛𝑜𝑟𝑚(𝑓 − 𝑚𝑒𝑎𝑛(𝑓 )) (27)
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Table 5
NRMSE of FE simulation results

Load Case 18 CPC_fault 18 IPC_fault 21 CPC_fault 21 IPC_fault
𝑓1𝑒 𝑓2𝑒 𝑓1𝑒 𝑓2𝑒 𝑓1𝑒 𝑓2𝑒 𝑓1𝑒 𝑓2𝑒

L1 0.64 0.90 0.51 0.83 0.59 0.94 0.46 0.84
L2 0.40 0.95 0.48 0.87 0.59 0.94 0.48 0.80
L3 0.64 0.92 0.48 0.84 0.62 0.92 0.44 0.83
L4 0.35 0.95 0.50 0.80 0.55 0.94 0.49 0.77
L5 0.55 0.94 0.47 0.87 0.58 0.94 0.47 0.83
L6 0.63 0.92 0.49 0.79 0.62 0.91 0.43 0.83
L7 0.44 0.95 0.49 0.84 0.25 0.96 0.50 0.87
L8 0.62 0.89 0.64 0.83 0.62 0.92 0.42 0.84
L9 0.64 0.91 0.50 0.83 0.44 0.95 0.50 0.74

L10 0.42 0.95 0.50 0.74 0.61 0.92 0.48 0.77
L11 0.61 0.93 0.48 0.81 0.60 0.93 0.45 0.83
L12 0.64 0.91 0.50 0.84 0.61 0.92 0.45 0.82
L13 0.64 0.91 0.50 0.78 0.55 0.94 0.46 0.87
L14 0.63 0.90 0.52 0.77 0.61 0.93 0.47 0.78
L15 0.63 0.90 0.52 0.82 0.60 0.93 0.48 0.75
L16 0.64 0.92 0.48 0.83 0.23 0.96 0.50 0.76
L17 0.63 0.92 0.48 0.81 0.30 0.96 0.50 0.84
L18 0.63 0.93 0.48 0.82 0.61 0.92 0.43 0.84
L19 0.64 0.92 0.49 0.79 0.61 0.93 0.43 0.85
L20 0.64 0.92 0.49 0.78 0.48 0.95 0.50 0.76
MIN 0.35 0.89 0.47 0.74 0.23 0.91 0.42 0.74
MAX 0.64 0.95 0.64 0.87 0.62 0.96 0.50 0.87

MEDIAN 0.62 0.93 0.49 0.83 0.59 0.93 0.47 0.83

From Table.5, it is interesting to note that the smaller the TI, the smaller the FE accuracy of the pitch actuator 1411

fault 𝑓1. This happens because 𝑓1 is an incipient pitch fault with relatively small magnitude and the fault amplitude of412

𝑓1 becomes smaller when TI is lower. For a pitch actuator fault 𝑓2, the FE accuracy presents negative correlation with413

wind TI. More importantly, the FE accuracy of 𝑓2 is affected negatively by the large wind shear parameter. That is,414

when both the wind TI and shear are small, the FE performance improves, as expected. In other words the amplitude415

of 𝑓2 itself is relatively large, when the wind TI and shear are both smaller, the standard deviation of pitch movements416

become smaller. Smooth pitch movements will achieve better fault FE results. Moreover, the FE accuracy of 𝑓2 is417

always better than that of 𝑓1. The FE performance of the load case L14 of 18IPC_fault (TI=0.204, Shear=0.246) is418

shown as Fig.14. It can be seen that the fault estimation can follow the real fault trajectory closely. An interaction exists419

between the dynamic effects of these two faults when TI is large, see [700-800]s of 𝑓1 and [700-800]s of 𝑓2.420

Furthermore, the multiple pitch actuator fault effects and the corresponding FTC compensation performance in421

the frequency domain under wind condition L21_13 are depicted in Fig.15 and Fig.16, respectively. It is important to422

note that the 1P component (i.e. 0.2Hz) of flapwise bending moment 2 is mitigated by the proposed BO-based IPC423

in the fault-free case. In the IPC case, the multi-pitch actuator faults enhance the blade flapwise bending moment424

around 0.2Hz, while in the CPC case it slightly enhances the loading lower than 0.2Hz. Moreover, 0.2Hz of the tower425

fore-aft bending moment is enhanced due to the multi-faults both in the CPC and IPC case. Interestingly, the impact426

of multi-faults in the IPC case is slightly more severe compared to the CPC case. From Fig.16, it can be seen that427

the designed FTC can compensate the fault effects quite well, which attains the load mitigation under multiple pitch428

actuator faults. This implies that the accuracy of fault estimation is acceptable.429

The Monte Carlo simulation results with multiple pitch actuator faults under 20 wind conditions with hub-height430

wind speed 18m/s are expressed in Fig.17. Table.6 provides the simulation results in terms of the median values of431

performance metrics. The influence of pitch actuator faults on the OWT performance can now be analyzed. Note that432

the power fluctuation and load performance have different degrees of enhancement, which is often more serious in the433

IPC case. Interestingly, the pitch angle fluctuations are enhanced, which indicates that the pitch actuator movements434

are restricted due to the incidence of faults. Meanwhile, the three pitch rate fluctuations are normally reduced which435
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(a) Fault estimation of 𝑓1 in the multi-fault case
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(b) Fault estimation of 𝑓2 in the multi-fault case

Figure 14: FE results in load case L14 of 18IPC_fault, where the third subplot is part of the second subplot.
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Figure 15: Multiple pitch actuator fault effects in the frequency domain under wind condition L21_13.

reflects the couplings between three pitch actuators. Furthermore, the higher the performance, the more severe the fault436

effects. Last but not least, the effectiveness of the proposed FTC scheme is verified. It is noticeable that, in most cases,437

the OWT performance has been recovered to the corresponding fault-free case (using updated PI controller). Due to438

the interactions between two pitch fault dynamics, the OWT performance with FTC is a little lower than the fault-free439

case, which is still acceptable. Compared with the fault-free case with the original PI controller, the fault-tolerant IPC440

"co-design" scheme using BO can not only compensate the pitch actuator fault effects, but also achieve the reduction441

of power fluctuation, blade unbalanced loading fluctuation and pitch angle fluctuation. Therefore, the effectiveness and442

robustness of proposed actuator fault-tolerant wind turbine load mitigation control is verified.443

5. Conclusion444

This paper proposes a Bayesian optimization-based fault-tolerant IPC co-design strategy for OWT asymmetrical445

load mitigation with pitch actuator faults to reduce the rotor system fatigue and enhance sustainable operation. To446

enhance system robustness without having to use complex modelling the BO algorithm is adopted to search for the447

optimal PI pitch controller coefficients. The resulting FE-based UIO system is used within a combined FTC and load448

mitigation co-design to compensate the pitch actuator faults and restore good load mitigation performance. Monte449
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Figure 16: FTC compensation performance in the frequency domain under wind condition L21_13.
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Figure 17: Monte Carlo simulation results with updated PI-based CPC & IPC under 20 wind conditions with hub-height wind
speed 18m/s

Carlo simulations have been performed on the 5MW NREL wind turbine with different wind conditions (different TI450

& shear parameters) and fault scenarios (single & multiple faults).451

Simulation results indicate the effectiveness and robustness of the proposed "co-design" scheme. The proposed452

strategy can decease the generator power fluctuations and improve the load mitigation performance to a large extent in453

the fault-free case. The pitch activities are also reduced, which deceases the likelihood of pitch fault occurrence from the454

root. Meanwhile, good FE results and the ability of recovery to the fault-free level are impressing. It can be concluded455

that the proposed strategy presents significant improvement with respect to attain load mitigation performance both in456

healthy and faulty conditions. It can guarantee load mitigation performance in case of different pitch actuator faults457

through fault compensation. Moreover, the rotor aerodynamic asymmetries caused by the pitch faults are alleviated to458

the fault-free level.459

Note that this scheme not only alleviates the power and blade unbalanced loading fluctuations, but also enhances the460

tolerance to the effects of potential pitch actuator faults. This strategy provides good load reduction and fault-tolerance461

using commonly used PI control with the added feature of fault estimation information that can have an important462

impact on O&M scheduling. The fault information is derived on-line and not using traditional condition monitoring.463
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Table 6
Median values of Simulation Results

Median Power Flap1 Flap2 Flap3 Tilt Yaw Fore Side Pangle1 Pangle2 Pangle3 Prate1 Prate2 Prate3
18CPC_PIVS -48.19 -8.33 -8.25 -7.68 0.34 0.68 -21.30 8.15 -7.57 -7.57 -7.57 15.48 15.79 15.79
18IPC_PIVS -48.30 -15.70 -15.20 -14.83 4.02 5.59 -22.30 -10.92 -8.31 -8.43 -8.45 -1.77 -9.87 -1.98
21CPC_PIVS -45.41 -5.98 -5.01 -5.88 -0.12 -0.11 -17.80 1.79 -5.56 -5.56 -5.56 22.15 22.35 22.35
21IPC_PIVS -45.78 -11.15 -11.63 -12.70 5.96 3.33 -18.46 -12.13 -6.32 -6.30 -6.02 -9.64 -9.63 -9.70
18CPC_fault 7.32 10.52 22.48 10.70 55.58 55.50 17.16 22.76 8.55 7.16 8.67 4.41 -3.10 6.57
18IPC_fault 14.99 22.63 19.38 8.60 52.34 50.49 25.59 20.04 8.05 0.25 5.47 0.01 -9.78 5.09
21CPC_fault 7.69 8.97 32.99 10.33 41.14 42.00 30.81 37.20 8.67 22.94 8.72 -2.86 -3.49 -9.30
21IPC_fault 18.72 28.74 38.32 9.45 67.19 67.77 45.67 17.11 7.71 3.78 5.26 -84.07 -11.93 -86.34
18CPC_FTC 2.02 0.17 0.19 0.13 0.11 -0.03 1.36 2.07 0.36 0.10 0.15 11.83 3.95 5.40
18IPC_FTC 4.58 6.47 3.48 2.59 2.37 2.14 8.18 7.55 1.42 -0.28 1.67 1.78 -0.77 3.59
21CPC_FTC 1.08 0.16 0.08 0.04 0.27 0.25 0.78 1.99 0.20 0.06 0.09 9.65 5.69 4.49
21IPC_FTC 2.64 3.43 2.20 0.81 9.98 7.01 5.55 4.99 2.36 -0.82 -0.18 -84.07 0.59 -86.34

The work has shown that the FTC and Load Mitigation problems are related in the sense that the latter is a system which464

is tolerant to adverse asymmetrical loading. The co-design combination of FTC and load mitigation is an important465

paradigm for sustainable OWT energy production with the prediction of reduced levelised cost of energy. Future work466

will include more realistic and complex fault scenarios under more wind scenarios, or directly using blade loading as467

different evaluation scores. Meanwhile, potential real physical experiments to verify the effectiveness of the proposed468

method is also included in the future work.469
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A. Assumptions and Lemmas474

Assumption 1. (𝐴,𝐶) is observable, (𝐴,𝐵) is controllable. The control matching condition is satisfied for the actuator475

fault 𝑓𝑎 with 𝑟𝑎𝑛𝑘(𝐵, 𝐹𝑎) = 𝑟𝑎𝑛𝑘(𝐵), i.e. the actuator fault is matched.476

Assumption 2. The fault 𝑓𝑎 and disturbance 𝑑 are norm-bounded. 𝑓𝑎 has bounded first-order and second-order477

differentials.478

Remark 2. The first part of Assumption 1 states some standard requirements for observer-based control systems, guar-479

anteeing controllability of the system (16) and observability of the state and fault. The rank condition 𝑟𝑎𝑛𝑘(𝐵, 𝐹𝑎) =480

𝑟𝑎𝑛𝑘(𝐵) ensures that the fault 𝑓𝑎 lies in the range space spanned by the control input 𝑢. Therefore, the fault 𝑓𝑎 is481

matched and the fault effect on the system dynamics can be compensated through direct control actions. That is, they482

can be directly compensated by introducing their estimates into the control action. This so-called matching condition483

is one of the fundamental assumptions and prerequisites for realizing active fault compensation [47]. Assumption 2484

implies that the fault 𝑓𝑎 and disturbance 𝑑 considered here are norm-bounded with unknown upper bounds, which is485

reasonable in practical applications. The existence of differentials is required for the UIO-based FE observer design.486

Lemma 1. An error system with the following dynamics:487

�̇� = 𝐶𝑒 + 𝐸𝑠𝑑𝑠

is asymptotically stable with 𝐻∞ performance ‖𝐺𝑒𝑑𝑠‖∞ < 𝜆, which can be illustrated as:488

𝐽 = ∫

∞

0
(𝑒𝑇 𝑒 − 𝜆2𝑑𝑇𝑠 𝑑𝑠)𝑑𝑡 < 0 (28)
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By defining a Lyapunov function 𝑉 = 𝑒𝑇𝑥𝑃𝑒𝑥 with 𝑃 is a symmetric positive definite matrix, and with assumed zero489

initial conditions, it holds that:490

𝐽 = ∫

∞

0
(𝑒𝑇 𝑒 − 𝜆2𝑑𝑇𝑠 𝑑𝑠 + �̇� )𝑑𝑡 − ∫

∞

0
�̇� 𝑑𝑡

= ∫

∞

0
(𝑒𝑇 𝑒 − 𝜆2𝑑𝑇𝑠 𝑑𝑠 + �̇� )𝑑𝑡 − 𝑉 (∞) + 𝑉 (0)

≤ ∫

∞

0
(𝑒𝑇 𝑒 − 𝜆2𝑑𝑇𝑠 𝑑𝑠 + �̇� )𝑑𝑡

491

One sufficient condition for (28) is illustrated as:492

𝐽1 = 𝑒𝑇𝑦 𝑒𝑦 − 𝜆2𝑤𝑇
𝑑𝑤𝑑 + �̇� < 0

493

Lemma 2. A system �̇� = 𝐴𝑥 is termed -stable if all its eigenvalues 𝜂 of the state matrix 𝐴 lie within the region .494

Assume  is a vertical strip region: 𝑎1 < 𝑅𝑒(𝜂1) < 𝑏1, 𝑎1 < 𝑏1 < 0, the system �̇� = 𝐴𝑥 is -stable with the premise495

of existing a symmetric positive definite 𝑃0 and satisfying the following LMI [48], where ⋆ represents the transpose of496

matrix elements in the symmetric position.497

[

𝐻𝑒(𝑃0𝐴 + 𝐴𝑇𝑃0)−2𝑏1𝑃0
⋆

0
−𝐻𝑒(𝑃0𝐴 + 𝐴𝑇𝑃0)+2𝑎1𝑃0

]

<0
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