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Abstract 

The transition to green energy requires ensuring the structural integrity of renewable energy 

systems throughout their lifespan. This necessitates continuous monitoring and effective 

maintenance strategies, where efficient damage detection plays a critical role in reducing op-

erational costs and preventing failures. 

This study presents a semi-supervised, data-driven damage detection algorithm tailored for 

structural health monitoring (SHM) of wind turbines. The method utilises a multivariate auto-

regressive model for feature extraction, principal component analysis (PCA) for data normal-

ization, and Mahalanobis distance as a damage index. The model is trained exclusively on 

baseline conditions and employs K-means clustering to automate structural condition recogni-

tion. The approach is validated using two case studies: a numerical model of a monopile-sup-

ported offshore wind turbine using synthetic data and a turbine blade under varying 

environmental and structural conditions using experimental data. Its simplicity, transparency, 

and robustness make it a reliable tool for SHM and condition monitoring in complex and de-

manding environments. 
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1 INTRODUCTION 

Structural Health Monitoring (SHM) has become a crucial tool for ensuring the reliability 

and safety of engineering structures across various industries, including civil, aerospace, and 

mechanical systems. By continuously or periodically collecting data, SHM enables the early 

detection of structural degradation, reducing the risk of catastrophic failures and minimising 

maintenance costs [1]. However, accurately identifying structural damage remains challenging 

due to the influence of environmental and operational (E&O) conditions, which can obscure 

the effects of structural changes. To address this, normalisation techniques such as regression 

analysis, support vector machines, artificial neural networks, and principal component analysis 

(PCA) have been widely employed to separate damage-related changes from environmental 

variations [2].    

Data-driven approaches have gained significant attention due to their strong performance in 

SHM [3]. These methods are based on an architecture whose main components are (i) feature 

extraction, (ii) data normalisation and (iii) statistical classification. Semi-supervised algorithms 

that are trained solely on baseline data are preferable for large and complex systems where 

damaged data is scarce and difficult to obtain. Modal-based properties are widely used for fea-

ture extraction, such as autoregressive models and wavelet components [4]. For instance, [5] 

combines autoregressive models with PCA and Mahalanobis distance calculations, validated 

on a railway bridge. This method is further extended to online monitoring in [6]. In [7], Multiple 

Models with autoregressive features combined with PCA are proposed for considering uncer-

tainty and applied to composite beams, while [8] explores the use of correlation-based features 

with PCA and Mahalanobis distance for evaluating an inland wind turbine blade excited by an 

active shaker.  

Despite these advancements, SHM applications in offshore wind turbines (OWTs) remain 

limited. The offshore wind industry has immense potential for large-scale clean energy produc-

tion, but as turbine sizes increase to maximize energy output, harsh marine environments intro-

duce significant maintenance challenges and elevate operational costs [9]. The combination of 

turbulent wind conditions, dynamic loads, and complex control systems makes SHM particu-

larly difficult for OWTs. To ensure practical applicability, online monitoring procedures must 

be robust to these conditions. 

This study proposes a multivariate autoregressive model for feature extraction, combined 

with PCA for feature normalisation and Mahalanobis distance for feature, comparing new ob-

servations to the baseline condition. To eliminate human intervention in damage recognition, 

the fused features are then clustered using a K-means algorithm, as in [6]. The methodology is 

evaluated in two case studies: a numerical model of an offshore wind turbine structure and an 

experimentally tested wind turbine blade benchmark. 

2 DAMAGE DETECTION ALGORITHM 

The damage detection algorithm consists of four main steps following the collection of ac-

celeration data from sensors installed along the structural element under monitoring: (i) feature 

extraction, (ii) feature modeling, (iii) feature fusion, and (iv) feature discrimination and clus-

tering. The proposed algorithm builds upon the methods introduced in [5, 6] extending them to 

account for the interdependency of measured signals by employing multivariate autoregressive 

models (MAR) for feature extraction instead of their univariate counterparts. This approach 

leverages the correlation between multiple signals (i.e., multiple sensors in the network of the 

installed monitoring system) to describe the behavior of the system, detecting damage through 

variations in this correlation rather than changes in individual signal behavior. 
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The MAR predicts the next value in a 𝐷-dimensional time series, 𝑦𝑖, as a linear combination 

of the 𝑁 previous vector values. The model is expressed as: 

𝑦𝑖 = ∑ 𝑦𝑖−𝑗𝐴𝑗 + 𝑒𝑖

𝑁

𝑗=1

 (1) 

where 𝐷  represents the number of sensors, 𝑁  is the MAR model order, 𝑦𝑖 =

[𝑦𝑖
(1)

, 𝑦𝑖
(2)

, … , 𝑦𝑖
(𝐷)

] is the 𝑖th sample of a 𝐷-dimensional time series, 𝐴𝑗 ∈ ℝ𝐷×𝐷 are coefficient

matrices capturing interdependencies between signals, and 𝑒𝑖 is the residual error vector. The 

coefficients 𝐴𝑗 , are estimated using the least-square method, minimizing the residual error 

across all samples. 

Environmental variability, such as changing wind and wave conditions, affects the structural 

response, demanding data normalisation. Principal Component Analysis (PCA) addresses this 

by filtering environmental effects without requiring additional data. PCA transforms standard-

ised feature space 𝑋 into orthogonal principal components based on the covariance matrix 𝐶, 

retaining components that capture the desired variance threshold: 

𝑋′ = 𝑋𝑉𝑚  (3)

where 𝑉𝑚 contains the eigenvectors corresponding to the largest 𝑚 eigenvalues, retaining a pre-

defined variance threshold. To normalise the features, the first components associated with the 

environmental variability [4] are removed. Following normalisation, the Mahalanobis distance 

(MD) quantifies deviations of each sensor's behavior from the baseline condition. The MD for 

a sensor is defined as: 

𝑀𝐷𝑠 = √(𝑥𝑠 − 𝑥̅) ∙ 𝑆𝑥
−1 ∙ (𝑥𝑠 − 𝑥̅)𝑇 (4) 

Here, 𝑥𝑠 is the vector of features for a given sensor, 𝑥̅ and 𝑆𝑥  are the mean vector and co-

variance matrix of baseline data, respectively. The MD values for all sensors are combined to 

compute the dissimilarity between simulations using the Euclidean distance: 

𝑑𝑖𝑠𝑖𝑗 = √∑(𝑀𝐷𝑠=𝑖 − 𝑀𝐷𝑠=𝑗)
2

𝐷

𝑑=1

(5) 

The dissimilarity matrix serves as input for a K-means clustering algorithm, partitions sim-

ulations into 𝐾 clusters by minimizing the intra-cluster dissimilarity: 

𝑊(𝑃𝐾) =
1

2
∑ ∑ ∑ 𝑑𝑖𝑠𝑖𝑗

𝑐(𝑗)=𝑘𝑐(𝑖)=𝑘

𝐾

𝑘=1

 (6) 

where 𝑐(𝑖) assigns simulation 𝑖 to cluster 𝑘. The algorithm iteratively assigns simulations to 

the nearest centroid and updates the centroids until convergence. The optimal number of clus-

ters is determined using the silhouette score, enabling the method to operate autonomously and 

making it suitable for real-time monitoring applications. In real-time applications, as new struc-

tural conditions emerge, the baseline conditions can be updated to improve the detection of 

subsequent changes. 

3 CASE STUDY 

Two case studies were analysed using the proposed damage detection algorithm: a monopile-

supported offshore wind turbine structure and an experimentally tested blade benchmark. Re-

markably, although these are very different structural systems, the proposed method can be 

successfully applied as discussed below. 
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3.1 Offshore wind turbine structure virtual model 

The first case study involves a virtual model of a bottom-fixed 5-MW NREL OWT [10], 

illustrated in Figure 1. The model is divided into two components: (i) the supporting structure, 

modeled in OpenSees [11], and (ii) the turbine, which is modelled in OpenFAST [12]. This 

setup allows leveraging the capabilities of both software packages and are integrated through 

the interface force between the turbine and the tower. 

Eleven virtual accelerometers, spaced at 10-meter height intervals, are positioned along the 

structure to measure accelerations in the primary direction of analysis (X-direction), as shown 

in Figure 1.  

Figure 1: Illustration of the 5-MW NREL OWT model, showing its components, sensor and damage location. 

A total of 109 simulations were performed, each generating 35 seconds of useful data sam-

pled at 200 Hz. The dataset includes 91 undamaged (baseline) simulations and 18 damaged 

simulations. Two operational states of the turbine are considered: operating and parked. For 

undamaged scenarios, environmental loads consist of steady and turbulent wind conditions, 

along with white-noise spectrum waves, generated in OpenFAST using Gaussian copulas to 

model a correlation coefficient of 0.63: 

- For the wind, the typical long-term wind mean speed at 90 m above the mean sea level 

(MSL) is modelled through a Weibull distribution, with mean 10 m/s, shape parameter 

of 1.14, and scale parameter of 11.28. 

- For the waves, the typical long-term significant mean wave height is modelled through 

a Lognormal distribution, with mean 2.0 m and 0.5 coefficient of variation. 

For damage scenarios, localised stiffness reductions of 5%, 10%, and 20% are introduced 

over 1-meter-long sections at three locations in the transition piece (see Figure 1).   

Using 11 sensors and a model order of 𝑁 = 5, the proposed damage detection algorithm 

extracts 55 MAR parameters per sensor. After computing MDs, these are reduced to a single 

parameter per sensor, resulting in 11 parameters indicative of the structural condition.  

The clustering results from the 109 simulations are shown in Figure 2. Two distinct clusters 

are observed: the first cluster (light blue) corresponds to the 91 undamaged scenarios, while the 

second cluster (orange) contains the 18 damaged scenarios. These results demonstrate the algo-

rithm's strong performance in automatically distinguishing structural condition changes. Nota-

bly, the MD values for damaged scenarios exhibit exponentially higher values than those for 
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undamaged scenarios, underscoring the robustness of the proposed methodology for the se-

lected sensor configuration and model order. 

Figure 2: Results of the K-means clustering algorithm using the damage detection algorithm. Diagonal plots dis-

play MD values for individual sensors (1, 3, 6 and 11) along the simulations, while off-diagonal plots show the 

MD values across sensor pairs. 

3.2 Offshore wind turbine blades with experimental data 

The second application for the damage detection algorithm involves the experimental blade 

benchmark presented in [13]. This blade is part of a Windspot 3.5 kW wind turbine model, 

measuring 1.75 m in length with a mass of 5.0 kg. It consists of: (i) the outer shell, which is a 

0.93 mm thickness double-layered composite material made of plain-weave fabric and chopped 

strand mat made of E-glass fibers, and (ii) the inner part, which is filled with a low-stiffness 

core of polyurethane foam. The blade is supported at one end by a steel frame, subjected at the 

same time by three concrete columns.  
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The blade was exposed to controlled temperature variations in a climate chamber, with tem-

peratures ranging from -15°C to +40°C in 5°C increments, while humidity was kept constant at 

60%. Dynamic excitation was applied using an electromechanical shaker, which delivered: (i) 

white noise signals with an effective frequency bandwidth between 0 and 400 Hz and (ii) sine 

sweeps with frequencies ranging from 1 to 300 Hz. 

Figure 3 illustrates the sensor configuration scheme for laboratory testing along with the 

location of the induced cracks on the blade. A total of eight accelerometers (±10g working 

range) and 18 strain gauges (unidirectional and rosette types) were used. The strain gauges were 

configured along two axes, as indicated in Figure 4 with superscripts (1) and (2). 

Figure 3: Experimental setup of accelerometers and strain gauges on the tested blade [13]. 

Progressive damage was induced into the blade in the form of cracks, in addition to the 

initially healthy state (denoted as R), as specified in Table 1. The cracks had uniform dimen-

sions, with a depth of 4 mm and a width of 1.5 mm. 

A total of 20 white noise tests and one sine sweep excitations were carried out in the healthy 

(undamaged) state, while each damage case was tested with one sine sweep and five white noise 

excitations. 

Case 
Damage configuration 

Crack 1 Crack 2 Crack 3 

R - - - 

D 5 cm - - 

E 5 cm 5 cm - 

F 5 cm 5 cm 5 cm 

G 10 cm 5 cm 5 cm 

H 10 cm 10 cm 5 cm 

I 10 cm 10 cm 10 cm 

J 15 cm 10 cm 10 cm 

K 15 cm 15 cm 10 cm 

L 15 cm 15 cm 15 cm 

Table 1: Damage configuration cases used for testing in [13]. 
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Using only the strain gauge—unlike the previous analysed case, which used accelerometer 

data— the dissimilarity results between each experiment from the proposed algorithm are pre-

sented in Figure 4. Each damage case is compared to its preceding condition. Dark blue colours 

represent experiments from the previous blade condition, which is used for algorithm training 

and, therefore, show no dissimilarities. Other colours indicate varying levels of dissimilarity 

due to structural changes in the blade. 

The results demonstrate that the algorithm effectively detects structural changes across all 

cases using the information coming from strain gauges, consistently yielding high dissimilarity 

values. This serves as a visual indicator of how easily the clustering algorithm can identify new 

structural conditions from the MD indicator—larger dissimilarities make damage detection and 

classification more straightforward. 

Figure 4: Progression of the dissimilarity heatmaps comparing previous and posterior conditions. 

4 CONCLUSIONS 

This study introduced a semi-supervised, data-driven approach for detecting damage on two 

kinds of components of wind turbines systems: (i) the main supporting structure, modelled vir-

tually using a numerical model, and (ii) a blade, experimentally tested in a controlled laboratory 

environment. This algorithm is composed of four main steps: feature extraction using multivar-

iate autoregressive models, feature modelling using principal component analysis, feature fu-

sion with Mahalanobis distance, and clustering using K-means. The algorithm demonstrated 
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high sensibility to structural changes on the monitored systems, capturing early damage based 

only on the outputs of the system and trained only on previous structural conditions. Its low 

computational demand and simplicity make it highly suitable for real-time structural health 

monitoring applications. Finally, the use of the acceleration time-series in the first case study 

and strain time-series in the second one demonstrates the flexibility of the proposed data-driven 

methodology for autonomous output-only damage detection. 
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