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Abstract: Wind turbine blades operating under extreme wind conditions are subjected to highly stochastic 

aerodynamic loading, which induces complex and strongly nonlinear structural responses and consequently 

introduces pronounced uncertainties into their structural behavior. To address these challenges, this study proposes 

an extreme-aware sparse Gaussian process regression with distributed collaborative (E-SGPR-DC) framework for 

system-level reliability analysis of wind turbine blades. The proposed framework combines a distributed 

collaborative strategy to effectively combine local sub-model information with global response characteristics and 

embeds an extreme-aware learning mechanism to enhance prediction fidelity in high-stress and near-failure regions. 

By further integrating probabilistic strength characterization and Gaussian Copula-based dependency modeling, a 

unified multi-failure reliability evaluation framework is established. Numerical investigations demonstrate that the 

proposed approach significantly improves prediction accuracy and computational efficiency compared with 

conventional surrogate methods, while providing more reliable estimates of structural reliability under correlated 

failure modes. These results indicate that the E-SGPR-DC framework offers a robust and efficient tool for structural 

reliability evaluation and design of wind turbine blades under realistic and extreme operational uncertainties. 
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1. Introduction 

As critical components in renewable energy generation systems, wind turbine blades experience highly stochastic 

aerodynamic loads under extreme wind events such as hurricanes or typhoons [1-2]. These severe wind conditions 
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significantly amplify load fluctuations, potentially causing excessive deformation, elevated stress levels, and compromised 

structural strength, ultimately leading to premature or catastrophic failures [3-5]. Therefore, conducting comprehensive 

multi-failure mode analyses is crucial for accurately evaluating blade safety under extreme operational conditions. Furthermore, 

the inherent uncertainties in extreme wind loads, material variability, and manufacturing inconsistencies introduce substantial 

dispersion among multiple failure modes [6-8], posing considerable challenges to precise reliability predictions. Consequently, 

robust multi-failure mode reliability analysis methodologies are essential to effectively quantify safety margins, enhance 

prediction accuracy, and ensure reliable blade operation in realistic extreme scenarios. 

Probabilistic reliability analysis methods have emerged as powerful tools to address uncertainties in structural systems 

[9-11]. These methods leverage statistical principles to capture the inherent randomness and variability in input parameters and 

response outcomes, thus enabling a reliability evaluation under stochastic conditions [12-14]. Among the various probabilistic 

approaches, Monte Carlo Simulation (MCS) is frequently utilized due to its straightforward conceptual implementation and 

ability to accurately characterize reliability under diverse uncertainty conditions [15-17]. However, MCS demands extensive 

computational resources, particularly when evaluating complex nonlinear structural responses or analyzing rare failure events, 

making it impractical for routine engineering analyses and design optimization [18-20]. Surrogate modeling has emerged as an 

effective tool for reducing computational cost in reliability evaluation [21-23]. Typical surrogate methods, including Quadratic 

Polynomial (QP) [24-26], Support Vector Regression (SVR) [27-29], Artificial Neural Networks (ANN) [30-32], Ensemble 

learning [33-35], Kriging models [36-38], have already demonstrated substantial benefits in reliability evaluation across 

conventional mechanical and civil engineering structures due to their computational effectiveness and accuracy [39-41]. 

Nevertheless, under highly stochastic aerodynamic conditions and strong nonlinear coupling among failure modes, 

conventional surrogate models frequently struggle to effectively capture extreme structural responses and intricate 

dependencies among various failure modes, thus limiting their predictive accuracy and efficiency in real-world engineering 

applications [42-44]. Related GP-based frameworks, including multi-output Gaussian Processes [45], co-kriging [46], and 

physics-informed Gaussian process regression [47], have also been developed for correlated-response prediction and surrogate 

modeling. However, these methods do not directly address the present setting, where heterogeneous structural responses, 

limited high-fidelity samples, and reliability-critical extreme responses must be handled simultaneously under extreme wind 

loading. Therefore, a distributed collaborative strategy is further introduced and combined with an extreme-aware sparse GP 

model in this study. 
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To address these limitations, the distributed collaborative (DC) strategy has emerged as an approach for accurately 

capturing complex interdependencies among structural responses and multiple failure modes[48-51]. DC-based frameworks 

have demonstrated the capability to effectively handle correlations among multiple failure modes. For instance, Song et al. [52] 

proposed a cascaded synchronous regression strategy to model dependent structural responses in aeroengine components, 

showing improved accuracy in multi-level reliability evaluation under coupled loading conditions. Xiao et al. [53] introduced a 

parallel learning Kriging framework with dependency-aware collaboration, effectively improving surrogate performance for 

systems with correlated outputs. Compared with traditional surrogate modeling approaches, these DC-based methods 

significantly enhance the capability to capture nonlinear correlations and improve predictive robustness for complex structural 

systems. However, when applied to wind turbine blades operating under extreme wind conditions, existing DC strategies still 

face substantial challenges in accurately resolving extreme structural behaviors. 

To address the above challenges, this study proposes an extreme-aware sparse Gaussian process regression with 

distributed collaborative (E-SGPR-DC) framework for the system-level reliability analysis of wind turbine blades. The 

proposed framework integrates a distributed collaborative strategy to improve multi-response modeling of stress, strain, and 

deformation by reducing modeling complexity, and embeds an extreme-aware learning mechanism to explicitly enhance 

prediction fidelity in high-stress and near-failure regions. Overall, the technical route consists of three components: 

extreme-aware surrogate construction for nonlinear structural responses, distributed collaborative modeling for correlated 

outputs, and dependency-aware system reliability evaluation under multi-failure conditions. Accordingly, the novelty of this 

study lies in three aspects: (i) an extreme-aware sparse Gaussian process regression model for improving prediction fidelity in 

extreme-response regions under limited high-fidelity samples; (ii) a distributed collaborative strategy for improving 

multi-response modeling by reducing modeling complexity; and (iii) a system-level multi-failure reliability evaluation 

framework established by integrating the E-SGPR-DC surrogate with probabilistic strength characterization and Gaussian 

Copula-based dependency modeling. 

The remainder of this paper is structured as follows: Section 2 elaborates the theoretical framework and methodologies of 

the proposed E-SGPR-DC. Section 3 outlines deterministic and probabilistic analyses for wind turbine blades under coupled 

aero-structural uncertainties. Section 4 systematically evaluates and compares the modeling accuracy, computational efficiency, 

and reliability prediction performance of the E-SGPR-DC framework. Finally, Section 5 summarizes the main conclusions. 

2. Basic theory 
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This section establishes the theoretical foundation of the proposed framework, consisting of (i) an extreme-aware 

sparse Gaussian process regression model (E-SGPR), (ii) a distributed collaborative construction for multi-response 

decomposition (E-SGPR-DC), and (iii) a dependency-aware multi-failure probabilistic analysis scheme. Overall, the 

proposed workflow first constructs extreme-aware surrogate models for multiple structural responses, then characterizes 

their probabilistic dependencies, and finally performs system-level reliability evaluation under multiple failure modes. 

2.1. Extreme-aware sparse Gaussian process regression (E-SGPR) 

Wind turbine blades exhibit highly nonlinear responses under stochastic loading conditions, where stress, strain, and 

deformation often present localized peaks and heavy-tailed distributions[54]. Due to the high computational cost of 

fluid-structure simulations, only a limited number of training samples are available, making it difficult to construct 

accurate surrogate models in extreme-response regions. To address these challenges, this study adopts an extreme-aware 

sparse Gaussian process regression (E-SGPR) model, which enhances conventional sparse Gaussian processes with an 

extreme-aware likelihood formulation to improve predictive capability in high-risk regions. The principle of the E-SGPR 

model is illustrated in Fig. 1. 

 
Fig. 1  The principle of E-SGPR model. 

The mathematical modeling process is described as follows: Gaussian process regression [55] treats the structural 

response function f(x) as a stochastic function with a Gaussian process prior 
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( ) ~ (0, ( , ))f x GP k x x                                 (1) 

where ( , )k x x is a covariance kernel describing the correlation between any two input points. This formulation allows 

GPR to flexibly represent nonlinear variations in structural responses and to provide predictive uncertainty. However, the 

full GPR model requires inversion of an N×N covariance matrix, resulting in a computational cost of O(N3), which 

becomes prohibitive even for moderate dataset sizes. To improve computational tractability and stability, the sparse GPR 

approximation introduces a set of inducing points  
1

M

m m
Z z

=
= with M << N. Letting u = f(Z) denote the latent function 

values at these inducing points, the predictive mean for a test input x can be expressed as 

( ) 1ˆ T

Z ZZf x k K u−=                                    (2) 

where kz denotes the covariance vector between test input x and inducing inputs Z, and KZZ is the covariance matrix 

computed among the inducing points. This approximation significantly reduces the computational burden to 2( )O NM , 

while retaining the essential probabilistic characteristics of the full Gaussian process. 

To avoid overfitting and improve numerical stability under small-sample conditions, variational inference (VI) [56] 

is employed to optimize kernel hyperparameters and inducing-point distributions. By introducing a variational posterior 

q(u), VI maximizes the evidence lower bound ELBO 

ELBO ( )[log ( | )] KL( ( ) | ( ))q f p y f q u p u= −                         (3) 

where the likelihood term promotes fidelity to observed data, and the Kullback-Leibler (KL) divergence regularizes the 

variational posterior for stable hyperparameter learning; p(u) denotes the prior distribution of inducing points. 

However, due to the imbalance between moderate and extreme responses in wind turbine simulations, the 

conventional likelihood term is dominated by moderate-response samples, leading to systematic underestimation of 

responses at extreme magnitudes. To enhance model sensitivity to extreme behavior, an extreme-aware weighting 

mechanism is incorporated into the likelihood. Each training sample is assigned a weight 

| |
1

max | |

i
i

j j

y
w

y




 

= +   
 

                                   (4) 

where α is a baseline weighting coefficient introduced to ensure that all samples retain a minimum contribution during 

training, and β controls the sensitivity of the weighting function to the response magnitude. Since the response 

magnitude is normalized by maxj|yj|, the weighting remains scale-controlled. In this study, α and β are selected to balance 
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overall fitting stability and prediction fidelity in extreme-response regions. Incorporating this weighting mechanism into 

the variational objective yields the extreme-aware ELBO 

ext 2

ELBO ( )

1

, [log ( | , )] KL( ( ) | ( ))=
i

N

i q f i i n

i

w y f q u p u
=

−                     (5) 

where 
2

n  denotes the observation noise variance. This formulation amplifies gradients associated with stress, strain, or 

deformation values, enabling the surrogate to more accurately capture sharp nonlinear transitions and localized peaks 

without compromising global stability. The resulting E-SGPR model therefore provides (i) robust nonlinear learning 

under limited training samples, (ii) enhanced fidelity in extreme-response regions, and (iii) predictive uncertainty 

required for reliability evaluation. As a result, E-SGPR serves as the core surrogate module in the proposed multi-failure 

analysis framework, providing reliable and physically meaningful predictions for downstream probabilistic evaluation. 

2.2. E-SGPR with DC, E-SGPR-DC 

In the multi-failure evaluation of wind turbine blades, the structural responses of stress, strain, and deformation 

exhibit distinct physical characteristics and heterogeneous nonlinear behaviors. Constructing a single monolithic 

multi-output surrogate often results in gradient interference and compromised accuracy, as the shared model structure 

cannot simultaneously accommodate the differing scales and nonlinearities of multiple failure-related responses.  To 

resolve these conflicts, the distributed collaborative (DC) strategy is embedded into the E-SGPR framework, thereby 

establishing the E-SGPR-DC model, which decomposes the multi-output regression task into independent 

response-specific surrogate sub-models. Each sub-model is independently trained using the E-SGPR, while all 

sub-models share the same physical input variables, thereby maintaining physical coherence across responses. The 

method of E-SGPR-DC is summarized as follows: 

Step 1: Identification of responses and input variables. Stress, strain, and deformation are defined as the key 

structural responses, and a unified set of random inputs describing wind loading, material properties, and geometric 

parameters is established. 

Step 2: High-fidelity data generation. A small but accurate dataset is obtained through fluid-structure simulations, 

providing representative nonlinear structural responses for surrogate training. 

Step 3: Distributed decomposition of multi-response regression. The original multi-output task is decomposed into 

three independent single-response problems, reducing interference among heterogeneous response behaviors. 
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Step 4: Construction of independent E-SGPR sub-models. For each response, an E-SGPR model is trained using 

sparse Gaussian processes with an extreme-aware mechanism to enhance learning in high-risk regions. 

Step 5: Assembly of the distributed collaborative surrogate. The independently trained E-SGPR models are 

combined to form a coherent multi-response predictor through their shared input space. 

Step 6: Large-scale surrogate-based propagation. A large number of input samples are evaluated using the 

E-SGPR-DC model to efficiently approximate multi-response behavior under uncertainty. 

The proposed E-SGPR-DC mathematical model is summarized as follows: Let the input random variables be 

denoted by x, and define the three critical structural responses as 

(1) (2) (3),   ,   Y Y Y d = = =                                (6) 

where σ, ε, d denote stress, strain and deformation; Within the DC architecture, the multi-response regression problem is 

 , ,x d →                                       (7) 

where x denotes the set of input random variables (e.g., material properties, geometric parameters, and operating 

conditions), which are reformulated as three independent single-response mappings: 

ˆˆˆ ( ), ( ), ( ),df x f x d f x  = = =                           (8) 

where fσ(x), fε(x), and fd(x) denote the response-specific surrogate mappings from the uncertain input variables to stress, 

strain, and deformation, respectively, which are constructed using the E-SGPR model. Specifically, for each response 

Y(k), an inducing-point set Z(k) and variational posterior q(u(k)) are optimized by maximizing the extreme-aware 

evidence lower bound 

( ) ( )( )

ext ( ) ( ) ( ) ( ) 2( ) ( ) ( )

ELBO ( )
1

log , KL ( ) ( )k
i

N
k k k k k k k

i i i nq f
i

w Y f q u p u
=

 = −
  ∣ ‖              (9) 

where 𝜎𝑛
2(𝑘) denotes the noise variance of the 𝑘-th response; 𝑤𝑖

(𝑘) is the weight of the i-th training sample corresponding 

to the k-th response. Yielding three calibrated single-response E-SGPR models. Because all sub-models share the same 

input variables but maintain independent kernel hyperparameters and inducing-point distributions, E-SGPR-DC is able 

to adaptively capture the distinct nonlinear patterns associated with stress concentration, localized strain amplification, 

and deformation gradients. Once each sub-model is trained, the distributed collaborative predictor is constructed by 

assembling the three E-SGPR estimators 
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 ˆ( ) ( ), ( ), ( )dY x f x f x f x =                              (10) 

which provides a multi-response prediction. This “divide-and-collaborate’’ treatment retains the physical relationships 

among responses through their shared dependency on the same uncertain inputs, while preventing the convergence issues 

encountered in tightly coupled multi-output surrogates. By decomposing the multi-response task into several response 

surrogate modeling processes, the DC strategy reduces the modeling complexity of multi-response learning. 

The distributed collaborative strategy provides two key advantages. First, it enables response-specific kernel 

learning and inducing-point placement, thereby improving predictive accuracy in regions where stress, strain, and 

deformation exhibit distinct nonlinear characteristics. Second, by decoupling heterogeneous responses into independent 

E-SGPR sub-models, the framework avoids gradient interference and parameter competition, which substantially 

enhances training stability under small-sample conditions. Response decoupling may reduce accuracy when multiple 

responses already share similar physical scales, smooth global trends, and a sufficiently stable common input-output 

mapping, so that a unified model can learn them effectively together. In this study, stress, strain, and deformation exhibit 

different physical scales and heterogeneous nonlinear behaviors, while all response-specific sub-models are trained using 

the same input sample set and paired outputs. Therefore, decomposition reduces modeling difficulty without losing the 

common data basis among responses. As a result, the E-SGPR-DC architecture offers an efficient, scalable, and 

physically interpretable surrogate for wind turbine blades reliability analysis. 

2.3. The framework of multi-failure probabilistic analysis  

The multi-failure probabilistic evaluation integrates the E-SGPR-DC surrogate predictions with statistical strength 

models and dependency formulations to establish a system-level reliability framework. In this setting, the E-SGPR-DC 

surrogate provides high-fidelity predictions of the stress, strain, and deformation responses at multiple critical blade 

locations, while the probabilistic analysis quantifies the likelihood that these responses exceed corresponding strength 

limits. By combining response prediction, strength randomness, and inter-location dependencies, the framework enables 

a dependency-aware reliability evaluation under extreme wind loading conditions. The specific modeling process is 

illustrated in Fig. 2. 
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Fig. 2  The modeling process of E-SGPR-DC method 

The E-SGPR-DC is applied independently at each critical blade location, producing the predicted multi-response 

vector ˆ ( )pY x . Let the blade contain P critical locations, and denote the E-SGPR-DC predicted responses at location p as 

( )ˆˆ ˆˆ( ) ( ), ( ), ( )p p p pY x x x d x =                             (11) 

where ˆ ( )p x the predicted stress at location p; ˆ ( )p x  the predicted strain at location p; ˆ ( )pd x  the predicted deformation 

at location p. Given the predicted structural responses, the limit state function for location p is defined as 

( )ˆ( ) ( )p p p pg x S H Y x= −                                (12) 

where Sp denotes the random structural strength, and ( )ˆ ( )p pH Y x  denotes the response-to-strength measure. The 

reliability margin is governed by the gap between the structural resistance Sp and the response-derived demand 
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( )ˆ ( )p pH Y x . When the structural response enters an extreme-response region, ( )ˆ ( )p pH Y x  increases and approaches Sp, 

so the local reliability margin decreases. As this gap decreases, the estimated failure probability becomes more sensitive 

to response variation. Therefore, the proposed extreme-aware mechanism places greater emphasis on extreme-response 

samples to enhance predictive fidelity in the region’s most critical to reliability-margin evaluation. Failure at location p 

occurs when gp(x)≤0. The corresponding indicator function is defined as 

1 ( ) 0
( )

0 ( ) 0

p

p

p

g x
I x

g x


= 



，

，
                                 (13) 

For a Monte Carlo sample set  
1

N

i i
x

=
, the marginal reliability of location p is estimated as 

1

1
( )

N

p p i

i

R I x
N =

=                                    (14) 

To account for statistical dependencies across multiple locations, the joint distribution of the strength demand Hp or 

of the responses ˆ
pY is constructed using a Gaussian Copula. Let Fp() denote the marginal CDF of ˆ( )p pH Y and define 

( )ˆ( )p p p pu F H Y=                                   (15) 

Then the joint distribution of 
1

P

p p
H

=
is represented as 

1 1

1

( , , ) ( , , ; ) ( )
P

P P p p

p

f H H C u u f H
=

 =  R                       (16) 

where C()is the Gaussian Copula density and R is the correlation matrix estimated from the E-SGPR-DC predictions. 

This construction captures the nonlinear, spatially correlated failure behavior across multiple critical locations. This 

dependency modeling is directly relevant to practical reliability evaluation, since the correlation among critical responses 

and locations affects joint failure probability and system-level reliability. For the extreme-loading scenario considered in 

this study, the blade system is modeled as a series system, since failure at any critical location may affect the overall 

structural reliability. Alternative formulations, such as parallel, load-sharing, or progressive-failure models, may also be 

considered when redundancy or damage evolution is involved. The system-level limit state function becomes 

1
sys ( ) min ( )

p P
pg x g x

 

=                                  (17) 

Hence, system failure occurs when sys ( ) 0g x  . The system-level failure probability and reliability are then given by 
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( )f ,sys sys

1

sys f ,sys

1
( ) 0

1

N

i

i

P g x
N

R P

=


= 


 = −

1
                           (18) 

By integrating (i) the response-level predictions from the E-SGPR-DC surrogate, (ii) location-specific strength 

uncertainty, and (iii) Gaussian Copula–based dependency modeling, the proposed framework provides an accurate and 

interpretable system-level reliability characterization. This formulation captures nonlinear multi-failure behavior, inter-location 

correlations, and extreme-response sensitivity, enabling robust reliability evaluation of wind turbine blades under severe 

stochastic wind excitation.  

3. Deterministic analysis 

To capture the structural responses of wind turbine blades under complex aerodynamic loading, a deterministic 

fluid-structure interaction (FSI) analysis was first performed. The blade geometry was based on the NREL 5-MW reference 

turbine, featuring a blade length of 61.5 m. For the fluid domain, a refined unstructured mesh was employed to ensure a 

high-fidelity representation of the flow characteristics. The solid domain, comprising the turbine blade structure, was 

discretized using structured hexahedral mesh techniques. This detailed mesh strategy effectively captured localized structural 

behaviors, including stress concentrations and deformation patterns. During the analysis, surface pressure distributions 

obtained from the fluid simulations were carefully mapped onto the structural finite element model, enabling an efficient FSI 

procedure. The deterministic results indicated a maximum stress of 46.9 MPa, a maximum strain of 1.17×10⁻³ m/m, and a 

maximum deformation of 1.79 m, as illustrated in Fig. 3. Spatially, the maximum deformation is concentrated near the blade 

tip, whereas the highest stress and strain are mainly observed in the blade root/transition region. This indicates that the critical 

failure-prone zone depends on the response type under the extreme-loading scenario considered. 

Considering the inherent randomness and uncertainty associated with wind turbine operating conditions, a comprehensive 

probabilistic model of the input variables was subsequently established. Utilizing the Latin Hypercube Sampling (LHS) 

technique, 100 randomized input samples were generated based on the statistical characteristics of key input variables. 

Specifically, critical parameters including inlet velocity, turbulence intensity, turbulent-to-laminar viscosity ratio, air density, 

elastic modulus, Poisson’s ratio, and rotational velocity were modeled as Gaussian random variables truncated at the 

physically admissible lower bound, i.e., truncated normal distributions [57]. The statistical descriptors, including means, 

standard deviations, kurtosis, and skewness of these variables, are detailed in Table 1. This rigorous probabilistic 
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characterization provides a robust foundation for subsequent reliability evaluations of wind turbine blade systems under 

stochastic operating scenarios. These deterministic and probabilistic analyses together provide the high-fidelity input-output 

basis for subsequent E-SGPR-DC surrogate construction and reliability evaluation. 

Table 1  Probabilistic characteristics of variables for wind turbine blades 

Variables Symbol Unit Distribution Min Max Mean Std. Kurtosis Skewness 

Inlet velocity U m/s Gaussian 28.733 31.521 29.986 0.568 -0.211 0.040 

Turbulence intensity I - Gaussian 0.143 0.159 0.150 0.003 0.563 0.347 

Turbulent-to-laminar 

viscosity ratio 
μt - Gaussian 9.430 10.472 9.984 0.228 -0.468 0.123 

Air density ρa kg/m3 Gaussian 1.142 1.280 1.222 0.025 0.100 -0.128 

Dynamic viscosity of air μa kg/(ms) Gaussian 1.72e-05 1.91e-05 1.79e-05 3.89e-07 -0.006 0.484 

Density ρ kg/m3 Gaussian 1867 2047 1960 34 0.678 -0.225 

Elastic Modulus E GPa Gaussian 38 42 40 0.821 0.770 0.491 

Poisson's Ratio μ - Gaussian 0.212 0.230 0.221 0.004 -0.245 0.141 

Rotational Velocity ω rad/s Gaussian 2.386 2.640 2.496 0.049 0.008 0.332 

Stress σ MPa Gaussian 44.7 50.2 47.2 0.967 0.610 0.119 

Strain ε m/m Gaussian 1.10e-03 1.28e-03 1.18e-03 3.48e-05 0.182 -0.020 

Deformation d m Gaussian 1.685 1.928 1.800 0.048 0.037 -0.185 

 
Fig. 3  Responses distributions on turbine blades 

4. Multi-failure reliability evaluation of wind turbine blades 
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4.1. E-SGPR-DC modeling 

To quantitatively evaluate the predictive accuracy of the proposed E-SGPR-DC framework, Fig. 4 compares the 

regression performance of five representative surrogate models: Artificial Neural Networks (ANN), Extreme Gradient 

Boosting (XGB), ANN with distributed collaborative (ANN-DC), extreme-aware sparse Gaussian process regression 

(E-SGPR), and the proposed E-SGPR with distributed collaborative (E-SGPR-DC). The results show that noticeable 

deviations between predicted and actual values for stress, strain, and deformation responses are observed for the ANN and 

XGB models, indicating limited generalization capability under extreme wind loading conditions. In contrast, the E-SGPR-DC 

model achieves near-perfect alignment of predictions and actual responses for both training and testing datasets. Specifically, 

predicted values closely follow the ideal reference line (y = x), demonstrating minimal scatter and exceptional consistency. 

These results confirm the effectiveness of the proposed extreme-aware with distributed collaborative strategies. Overall, the 

E-SGPR-DC approach exhibits superior accuracy and robustness, effectively addressing multi-response regression tasks under 

uncertainties inherent in wind turbine blade systems. 

Fig. 5 illustrates the response surfaces constructed by the proposed E-SGPR-DC model to characterize the nonlinear 

relationships between representative input variables and key structural responses, including stress, strain, and deformation. 

Each surface depicts a bivariate mapping between a selected pair of input parameters (e.g., inlet velocity-rotational speed, 

material density-rotational speed, elastic modulus-rotational speed) and the corresponding output response, while the red 

markers denote the original simulation samples. It can be observed that the sampled data points are consistently distributed on 

or very close to the predicted response surfaces, indicating that the E-SGPR-DC model achieves high-fidelity approximation 

across the input domain without noticeable bias or dispersion. Moreover, the pronounced curvature, gradient variation, and 

asymmetric shapes of the surfaces clearly reveal the strong nonlinearity and complex coupling effects between aerodynamic, 

material, and operational parameters. These results demonstrate that the proposed E-SGPR-DC framework is capable of 

accurately capturing intricate nonlinear input-output dependencies in wind turbine blade systems, providing a reliable 

surrogate representation for subsequent uncertainty propagation and reliability analysis. 



 

14 
 

 

Fig. 4  E-SGPR-DC calculation accuracy. (a) ANN; (b) XGB; (c) ANN-DC; (d) E-SGPR; (e) E-SGPR-DC. 
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Fig. 5  Response surface between output responses and partial variables. (a) stress σ, Pa; (b)strain ε, m/m; (c)deformation d, m 

4.2. Probabilistic analysis of wind turbine blades 

Based on the probabilistic characteristics summarized in Table 1, a comprehensive dataset containing 10,000 samples of 

input variables was generated using the Latin hypercube sampling (LHS) technique. The corresponding deformation, stress, 

and strain responses were obtained by performing simulations with the established E-SGPR-DC model. As illustrated in Fig. 6, 

the resulting structural responses at the turbine blades closely follow Gaussian distributions. Specifically, the deformation 

response approximately follows a Gaussian distribution with mean μ = 1.79 m and standard deviation σ = 0.032 m; the stress 

response has μ = 4.74 × 107 Pa and σ = 6.85 × 105 Pa; and the strain response shows μ = 1.18 × 10−3 m/m and σ = 2.30 × 10−5 

m/m. These probabilistic insights provide essential support for reliability evaluation and structural performance evaluation of 

wind turbine blades under realistic operating uncertainties. 
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Fig. 6  Probabilistic distribution and simulation history of wind turbine blades. (a) deformation, (b) stress, and (c) strain 

4.3. Correlation analysis of wind turbine blades 

To explicitly identify and quantify the correlations between input uncertainties and critical structural output responses, a 

correlation analysis was conducted based on the 10,000 sample datasets generated through Latin Hypercube Sampling. The 

correlation heatmaps shown in Fig. 7 illustrate the relationships between key input parameters and the primary structural 

responses. Ellipses illustrate correlation magnitude and direction, with red denoting positive and blue indicating negative 

correlations. As demonstrated, deformation, stress, and strain responses exhibit strong positive correlations (coefficients up to 

0.9) with rotational velocity, highlighting the significant sensitivity of blade structural responses to rotational speed variations. 

Conversely, elastic modulus shows a clear negative correlation with all structural outputs, indicating a pronounced influence of 

material stiffness on deformation, stress, and strain. Fig. 8 further illustrates the correlations between key input parameters 

(Rotational Velocity w, density ρ, and elastic modulus E) and structural responses (deformation, stress, and strain). Clearly, 

rotational velocity exhibits the strongest positive linear correlation with deformation, stress, and strain, indicating high 

sensitivity of structural responses to variations in aerodynamic loading conditions. Overall, rotational velocity can be identified 

as the dominant failure drivers, while density and elastic modulus are secondary factors. 
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(a) Deformation                         (b) Stress                             (c) Strain 

Fig. 7  Input-output correlation heatmap. 

 

Fig. 8  Input-output correlation scatter plots. 

Several candidate Copula families, including the Gaussian, t, Clayton, Frank, and Gumbel Copulas, were examined to 

characterize the dependence structure among the failure-related responses. As summarized in Table 2, for the stress-strain, 

stress-deformation, and strain-deformation response pairs, the Gaussian Copula consistently shows the highest log-likelihood 

and the lowest AIC and BIC values among the tested alternatives. Therefore, it was adopted as the dependence model in the 

subsequent correlation modeling and reliability analysis. As shown in Fig. 9, the first two columns depict contour plots of joint 

probability distributions between deformation-stress and deformation-strain, respectively, illustrating strong linear 

deformation-stress correlations and nonlinear deformation-strain relationships. The third column presents the fitting errors 
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between stress and strain, highlighting regions of complex, nonlinear interaction adequately captured by the model. These 

results underscore the necessity of accurately modeling output correlations for precise and reliable structural evaluation. 

 
Fig. 9  Correlation analysis of output responses interdependencies. (a) joint probability density function (PDF); (b) joint cumulative 

distribution function (CDF); (c) fitting error distribution 

Table 2 Comparison of candidate Copula models for response-pair dependency fitting 

Responses Copula LogL AIC BIC 

Stress-Strain Gaussian 4145 -8288 -8280 

Stress-Strain t 4145 -8286 -8271 

Stress-Strain Clayton 3083 -6165 -6158 

Stress-Strain Frank 3735 -7469 -7462 

Stress-Strain Gumbel 3775 -7548 -7541 

Stress-Deformation Gaussian 2414 -4827 -4819 

Stress-Deformation t 2414 -4825 -4810 

Stress-Deformation Clayton 1787 -3572 -3565 

Stress-Deformation Frank 2182 -4362 -4355 

Stress-Deformation Gumbel 2132 -4262 -4255 

Strain-Deformation Gaussian 10925 -21848 -21841 

Strain-Deformation t 10925 -21846 -21832 

Strain-Deformation Clayton 8572 -17143 -17135 

Strain-Deformation Frank 9957 -19913 -19905 

Strain-Deformation Gumbel 10189 -20377 -20370 



 

19 
 

4.4. Multi-failure reliability evaluation of wind turbine blades 

This section employs a multi-failure reliability analysis framework to systematically assess wind turbine blades reliability, 

considering correlated structural responses under multiple failure modes. Fig. 10 presents joint distributions and marginal 

reliability behaviors for deformation, stress, and strain. The joint distributions in Fig. 10 (a-c) reveal complex nonlinear 

interactions among normalized structural responses, clearly indicating strong dependencies. Marginal distributions of 

maximum deformation, stress, and strain in Fig. 10 (d-f) exhibit pronounced sigmoidal shapes, highlighting significant 

reliability sensitivity near critical failure thresholds. Reliability predictions considering complete dependence versus 

independence scenarios are compared in Fig. 10 (g-i), emphasizing the notable impact of correlation assumptions on reliability 

outcomes. The reliability analysis results underscore the necessity of explicitly accounting for interdependencies among 

structural responses, providing essential insights for accurate reliability evaluation and design optimization of wind turbine 

blades under realistic operational conditions.  

 

Fig. 10  Reliability of turbine blade 
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4.5. Methods comparison 

To systematically evaluate the modeling accuracy, computational efficiency, and reliability prediction performance of the 

proposed E-SGPR-DC framework, a reliability analysis was conducted against four representative surrogate models: Artificial 

Neural Networks (ANN), Extreme Gradient Boosting (XGB), ANN with distributed collaborative (ANN-DC), and 

Extreme-Aware Sparse Gaussian Process Regression (E-SGPR). As shown in Fig. 11, the proposed E-SGPR-DC approach 

demonstrates superior modeling accuracy, and computational efficiency (shortest computational time) compared to all other 

methods. Additionally, the reliability-error comparisons further highlight the superiority of the E-SGPR-DC method. For the 

proposed E-SGPR-DC framework, the computed reliability in Fig. 11(b) is R = 0.997, corresponding to a reliability index of β 

≈ 2.75. This value is slightly lower than the lower reference reliability level of β = 2.9 reported in the literature [58-59], which 

is consistent with the fact that the present study focuses on an extreme-loading scenario. Since the proposed E-SGPR-DC 

model shows the highest prediction accuracy and the smallest reliability error among the tested surrogate methods, the 

subsequent reliability evaluation is conducted based on this model, which helps reduce the influence of surrogate 

approximation error on the final reliability estimate. 

The exceptional performance of the E-SGPR-DC approach can be attributed to the following methodological advantages. 

First, integrating extreme-aware strategy significantly enhances the accurate capture of extreme structural responses, thus 

improving prediction accuracy under critical operational conditions. Second, employing the distributed collaborative (DC) 

strategy effectively combines local and global response information, achieving an optimal balance between computational 

efficiency and model fidelity. These advancements verify that the E-SGPR-DC method can effectively handle complex, 

high-dimensional multi-response reliability analyses, providing robust theoretical and practical support for accurate structural 

evaluation of wind turbine blades under realistic operational uncertainties. 

      
(a) Accuracy-efficiency comparison                        (b) Reliability-error comparison 

Fig. 11  Comparison of accuracy, efficiency, and reliability for different methods 



 

21 
 

5. Conclusions 

This study proposes an extreme-aware sparse Gaussian process regression with distributed collaborative (E-SGPR-DC) 

framework for accurate reliability evaluation of wind turbine blades under coupled, multi-dimensional uncertainties. The 

effectiveness and robustness of the proposed method were systematically validated through deterministic analysis, 

probabilistic modeling, correlation analysis, and multi-failure reliability evaluation. Key conclusions drawn from this research 

are summarized as follows: 

(1) The proposed E-SGPR-DC model outperforms conventional surrogate methods (ANN, XGB, ANN-DC, and E-SGPR) 

in prediction accuracy and computational efficiency, demonstrating significant advantages in addressing high-dimensional 

multi-response regression problems. 

(2) Probabilistic analysis shows that structural responses (deformation, stress, and strain) closely conform to Gaussian 

distributions, clearly reflecting sensitivity near critical operational thresholds. Quantitative probabilistic characteristics (mean 

and standard deviation) offer robust theoretical support for reliability evaluation under realistic operational uncertainties. 

(3) Correlation analysis identifies rotational velocity as having the strongest influence on blade structural responses, while 

density and elastic modulus exhibit moderate yet notable impacts. These insights emphasize the critical role of input-response 

correlations in accurate reliability assessment. 

(4) The multi-failure reliability framework effectively captures complex nonlinear dependencies among deformation, 

stress, and strain responses. Results highlight the substantial effect of response correlations on system-level reliability, 

reinforcing the necessity of explicitly considering multiple correlated failure modes in reliability evaluations. 

The present results can support blade design optimization by identifying the critical regions and the dominant driving 

factors under extreme loading. They can also support maintenance planning by prioritizing inspection and preventive 

maintenance for high-risk regions. The proposed E-SGPR-DC framework may also be extended to other complex engineering 

systems involving correlated multi-response behaviors and multi-failure reliability problems, such as aerospace structures, 

composite components, and other large-scale load-bearing systems.  
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