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The interest in renewable energy in the European Union (EU) has increased in the past years, thus efficient energy harvesting becomes more important. For the sector of wind energy, the consequences are growing sizes of wind turbines (WTs) and erections in remote places, such as off-shore. The resulting increase of operation and maintenance costs can be counteracted by structural health monitoring (SHM) systems. Different methods have been developed for detection of damages in WT blades. However, the majority are not suitable for in-service measurements or require dense sensor arrays. This paper presents a damage detection method based on autocorrelations of response accelerations. The damage sensitive feature (DSF) is developed as the Mahalanobis distance between a baseline and a current vector of the autocorrelation coefficients. Firstly, the usefulness of the DSF is assessed by using the Bayes error rate. Secondly, statistical hypothesis testing is utilized for a decision about the structural state. The procedure is applied to numerical simulations of a single WT blade with a disbonding damage scenario. The time series of accelerations are obtained from transient simulations with a simplified aerodynamic loading. The damage detection results show to be sensitive for the chosen damage scenario and are promising for prospective developments of damage detection methods in WTs.

INTRODUCTION

Efficient wind energy harvesting becomes more important as a consequence of an increasing interest in, and demand for, renewable energy in the EU [START_REF]The European Parliament and the Council of the European Union. The renewable energy directive[END_REF]. The primary results are growing sizes of WT and erections in more remote places, such as off-shore. This leads to an increase of operation and maintenance costs, which can make up to 20% of the total cost of energy production [START_REF] Blanco | The economics of wind energy[END_REF]. SHM can help to counteract this and can lead to increased safety and reliability of WTs.

Structural damage in WT blades caused up to 19.4 % of WT failure incidents in the past [START_REF] Chou | Failure analysis of wind turbine blade under critical wind loads[END_REF], where the main reasons were fatigue, extreme gust wind and lightning strikes. Therefore, damage detection in blades deserves high attention. The majority of the existing methods for composite WT blades are suitable only for postproduction testing and verification, e.g. thermal imaging, ultrasonic and laser Doppler vibrometer methods. To benefit from a SHM system, a continuous monitoring of the structural state is required, and currently available methods are acoustic emission and strain monitoring [START_REF] Schubel | Review of structural health and cure monitoring techniques for large wind turbine blades[END_REF]. However, these methods are capable to detect only local damages, thus dense arrays of sensors are necessary to monitor the whole structure. This increases instrumentation and data analysis costs.

The method presented in this paper is based on time series analysis of accelerations. It is known that the responses of structures change when their stiffness is reduced due to damage, and vibration-based damage detection methods use this behaviour. The developments of these methods can be categorized into three groups. The first group utilizes changes in estimated parametric models of response signals. For example, Nair et al. [START_REF] Nair | Time series-based damage detection and localization algorithm with application to the ASCE benchmark structure[END_REF] demonstrated theoretically the relationship between structural stiffness and autoregressive (AR) coefficients, and multivariate AR models have been used for condition monitoring of a 5 MW offshore wind energy converter [START_REF] Häckell | Monitoring a 5 MW offshore wind energy converter -condition parameters and triangulation based extraction of modal parameters[END_REF].

The second group uses non-parametric time series representations, which have the advantage of omitting the model structure selection and model parameter estimation steps. A classical approach is the analysis of frequency response functions (FRFs). The calculation of FRFs requires knowing the excitation force. This is generally not possible for large structures like WT blades. Ghoshal et al. [START_REF] Ghoshal | Structural health monitoring techniques for wind turbine blades[END_REF] presented an integral damage indicator based on the transmittance function (TF) between two sensor positions. The use of the TF has the advantage that the excitation force is cancelled out and does not need to be measured.

Modal-based methods use changes in modal parameters, such as natural frequencies, modal damping ratios and mode shapes, for the damage detection and form the third group. The identification of the underlying dynamic system from output-only data can be done with operational modal analysis techniques [START_REF] Reynders | System identification methods for (operational) modal analysis: review and comparison[END_REF], e.g. subspace-identification, frequency domain decomposition and eigensystem realization -natural excitation technique.

A unified statistical framework for time series-based SHM has been presented by Fassois et al. [START_REF] Fassois | Time-series methods for fault detection and identification in vibrating structures[END_REF]. Statistical hypothesis testing is proposed in that paper for decision making about the current structural state. The approach is directly applicable for parametric and non-parametric time-series methods and, under certain assumptions, can be extended to modal-based methods.

The method proposed in this paper uses the autocorrelation function estimates for damage detection. The next section gives a detailed description of the proposed method. Then, numerical simulations of a single WT blade with simplified aerodynamic loading and several disbond damage scenarios are presented. The results of the damage detection are shown in the following section. Finally, a discussion of the results and prospects for future work are given in the last section.

METHODOLOGY

The aim of the proposed method is the detection of structural damage. Therefore, the estimates of the autocorrelation coefficients at selected sensor locations are used. This methodology allows analysing signals from different locations separately. Unbiased estimates of the autocorrelation function for a discrete time series [ ]

x k with samp N samples can be calculated by [START_REF] Bendat | Random data analysis and measurement procedures[END_REF]:
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The proposed DSF is related to the squared Mahalanobis distance between the vectors of the first m autocorrelation coefficients obtained from different measurements. Firstly, the Bayes error rate is utilized to assess the usefulness of the chosen feature. It is a theoretical value of the misclassification rate between two classes for a certain feature, and it is herein used as an indicator for the detectability of damages with different extents. The upper bound for the Bayes error can be calculated with [START_REF] Devijver | Pattern recognition: a statistical approach[END_REF]: ( ) ( )
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The matrices b C and d C are the covariance matrices of the baseline and the damage state, respectively. In the case of the herein used simulation data, the covariance matrices were singular. Therefore, the Moore-Penrose pseudo invers is used instead of the traditional inverse. Here, only entries corresponding to non-singular eigenvalues are inverted and the remaining entries are set to zero.

In contrast to the classification error estimation above, the detection phase employs a statistical hypothesis testing approach, where only information about the baseline pattern distribution is required. It is assumed that the difference R ∆ between a baseline and a current vector of estimated auto-correlation coefficients, ˆbb R and ˆcc R , respectively, follows a multivariate Gaussian distribution [START_REF] Fassois | Time-series methods for fault detection and identification in vibrating structures[END_REF]:
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) with the true mean R δ calculated as the difference of the true autocorrelations of the baseline and the current model, bb R and cc R , respectively: . In this case, the squared Mahalanobis distance as a squared sum of independent Gaussian variables follows a central chi-square distribution
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C is generally unavailable, thus the estimated version ˆb C is used for computation. The number of degrees-of-freedom d is usually the dimension of the feature vector, but if the pseudo invers is used for calculating the distance, as in our case, then d corresponds to the number of non-zero eigenvalues.

The hypothesis testing problem can be defined as 
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This enables to define a test of the Mahalanobis distance with a defined level of significance α for the cumulative chi-square distribution function with d degrees of freedom ( )
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3 SIMULATION The proposed methodology for damage detection is applied to a numerical model of a large WT blade. The specifications are taken from the SNL 61.5m reference blade [START_REF] Resor | Definition of a 5MW/61.5m wind turbine blade reference model[END_REF], which was designed on the basis of the NREL 5 MW reference WT [START_REF] Jonkman | Definition of a 5-MW reference wind turbine for offshore system development[END_REF]. The structural design was done according to the international standard IEC 61400-1 Ed. 3 [START_REF]Wind turbines. International standard[END_REF] and the baseline properties of the reference WT.

With the help of these references and the SNL Matlab Toolbox NuMAD [START_REF] Berg | Numerical manufacturing and design tool (NuMAD v2.0) for wind turbine blades: user's guide[END_REF], an ANSYS Mechanical [START_REF][END_REF] FE model of a single blade has been created. Element type and mesh size studies led to a baseline model with 1650 SHELL281 elements. Disbonding of blades is an important damage type for large WT blades [START_REF] Jensen | Scale-up of wind turbine blades -changes in failure type[END_REF]. Jensen et al. [START_REF] Jensen | Structural testing and numerical simulation of a 34 m composite wind turbine blade[END_REF] performed a full scale structural test on a 34 m long WT blade until failure for flap-wise bending. A disbonding of the outer skin from the load carrying box girder was observed. They assumed that the corresponding reduction of buckling capacity had the main influence on the collapse. According to this observation, disbonding of a single shear-web from the high pressure cap is chosen as damage scenario. The initial location is defined as the maximum chord location, because this area is found to be prone to damages from real inspections [START_REF] Ataya | Forms of discontinuities in 100 KW and 300 KW wind turbine blades[END_REF]. The extent direction is defined towards the blade's tip. The damage is introduced in the FE model by a separation of nodes between elements at selected locations. The number of separated nodes and, with it, the length of the uncoupled element edges correspond to the damage extent. Figure 1 shows the location and the maximum disbond damage in the FE blade model. The influence of this damage on the dynamic behaviour can be assessed initially by numerical modal analysis. Relative differences between corresponding natural frequencies of the healthy model and the damaged models give a first insight how responses may be affected. Furthermore, summing these differences for a chosen set of consecutive modes enables to estimate the change of the structural response signals for the frequency range between the related modes. The proposed damage detection method is based on time series analysis, thus transient simulations have been performed. The use of a realistic excitation is paramount for investigating the performance and applicability of the algorithm. The simulation is done for a parked WT situation, where only the motion of a single blade is considered and that of the tower is ignored. The generation of aerodynamic loads is done in three steps. Firstly, full-field wind data are generated with the NREL software TurbSim [START_REF] Kelley | [END_REF] according to IEC 61400-1 3rd Ed. [START_REF]Wind turbines. International standard[END_REF]. The mean wind speed at hub height is chosen as the average wind speed of an IEC type I turbine with 10 m/s, and, for wind category B and the normal turbulence model, the turbulence intensity is 18.34 % for the inflow wind component. Secondly, aerodynamic loads are calculated with the NREL software AeroDyn and FAST [START_REF] Laino | .02a-bjj[END_REF][START_REF] Jonkman | .02.00d-bjj[END_REF]. The blade element momentum theory is chosen to model the wake effect. Therefore, the blade is approximated by 17 strip elements, each of constant structural and aerodynamic properties. The results are time series of lift and drag forces, N F and T F , respectively, and pitching moments P M at each element centre ( , , r r r

x y z ). The application of these loads in the FE model is done in the third step. The mapping of element loads to nodal forces , x i f and , y i f of N surface nodes at positions ( , ,

i i i
x y z ) is based on [START_REF] Berg | Mapping of 1D beam loads to the 3D wind blade for buckling analysis[END_REF], and it is illustrated in Figure 2. The equilibrium equations for forces and moments on a single blade element and related surface nodes are given with

, , , 1 1 1 , , , 1 1 1 ( ) 0 ( 
)

N N N N y i P i r y i r N i y i i i i N N N T x i i r x i r T i x i i i i F f M x x f z F z f F f y y f z F z f = = = = = = = = - = = = - = ∑ ∑ ∑ ∑ ∑ ∑ ( 10 
)
The mapping is generally not unique. Therefore, it is chosen that only forces in y-direction produce non-zero pitching moments and the spatial distribution is assumed to be linear with , , ( ) , ( ) 
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RESULTS

The initial investigation of the dynamic behaviour is done by numerical modal analysis. The first three mode shapes and natural frequencies of the healthy blade are given in Table 1. The low natural frequencies correspond to a high flexibility of the blade. Then, the effect of damage on natural frequencies of the FE blade model is investigated. The maximum extent of disbond for the numerical modal analysis is chosen to be approx. 3.82 m or 6.2% of the blade length, which corresponds to nine separated nodes. The effect on the i -th natural frequencies can be evaluated with the relative difference i f ∆ between the frequencies of the healthy , b i f and the damaged model ,
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The results are shown in Figure 3, and it can be seen that the stacked sum of differences of the first ten modes and the damage extent has a nonlinear relationship. The highest contributions are from modes five and ten with the baseline frequencies 5.552 Hz and 12.716 Hz, respectively. Further, the sum of the stacked differences for damage extents less than approx. 3% is less than 1%, which shows early damage detection based on frequency shifts would be difficult. Finally, transient simulations have been performed for the healthy model and for the nine damage extents of shear-web disbonding given above. The flap-wise and edge-wise accelerations at the nodes of the blade were obtained initially with durations of 630 s. However, for the damage detection, only the flap-wise accelerations of a selected node, measured by 'sensor' indicated in Figure 1, were used. The time series has been divided into 200 segments with 6000 samples and a shift of 600 samples. The segments have been standardized to reduce the variations due to the aerodynamic excitation using the segments estimated means and estimated standard deviations. Figure 4a shows the results for different artificial noise levels, which are introduced to the simulated signals as Gaussian random sequences with a standard deviation equal to the standard deviation of the initial signal multiplied by the noise-to-signal ratio. Artificial noise levels with noise-to-signal ratios between 2 % and 10 % were considered. The error rate is lower for signals contaminated with noise for the first damage extent. This is the case, because the noise leads to a higher deviation of the baseline model, thus the Mahalanobis distances increase even in the healthy state. For increasing disbond lengths, increasing noise levels result in higher error rates. Nevertheless, the error rates drop significantly for disbond length between 0.72% and 2.87% and become very small for higher damage extents. Thus, it is shown that the proposed DSF is only lightly affected by signal noise.

The results for different numbers of coefficients are shown in Figure 4b, where five coefficients are added for each row beginning with five. It can be seen that disbonding with more than 4% blade length can be detected with a misclassification rate below 10% in all cases with more than 5 coefficients. However, the number of autocorrelation coefficients is chosen to be 150 coefficients in order to achieve a low error rate for the hypothesis testing and to obtain a high sensitivity for small damages.

The hypothesis testing is done, as described above, with a baseline covariance matrix with 123 non-zero eigenvalues. The level of significance is chosen to be 5%, thus the distance limit for the healthy state is 149.88 for the cumulative distribution function ( )

2 123 F 1 0.05 -  .
The results for the simulated damage extents are given in Table 2. In accordance to the Bayes error rate, the hypothesis testing demonstrates a clear identification of shear-web disbonding with lengths from 3.59% blade length for the given samples. Furthermore, the false alarm rate for the undamaged state is zero, but disbond damages with extents less than 2.87% cannot be detected safely. 

CONCLUSIONS

The present paper shows a damage detection method based on the Mahalanobis distance between vectors of autocorrelation coefficients calculated using acceleration signals. The method is applied to simulated data of a single FE WT blade with a shear-web disbonding damage scenario. The blade was excited with a simplified aerodynamic loading approach, where aerodynamic blade element loads were mapped to nodal forces of the FE model. The DSF is assessed in two ways. Firstly, the upper bound of the Bayes error is used to investigate how noise and the number of coefficients affect classification results. The results showed that the effect of signal noise is dominating for small damages, and this is, therefore, important with respect to early damage detection. Furthermore, it is shown that high numbers of coefficients lead to lower error rates. Secondly, statistical hypothesis testing is done to obtain a decision about the structural state. The classification results are in accordance to the Bayes error rates. Additionally, damages from a certain disbond lengths could be detected with a high accuracy without false alarms for the healthy state.

The proposed DSF and the detection method have proven their potential for detection of shearweb disbonding. However, future work is required to increase the ability to detect small damages. Furthermore, in-operation simulations are necessary to improve the method for realistic conditions, and experimental validation is a prerequisite for the application in real WTs. Finally, for beneficial application in real WTs, damage localization and severity estimation are essential demands for future developments.
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 1 Figure 1: Location and maximum extent of shear-web disbond and location of 'sensor' for damage detection

Figure 2 :

 2 Figure 2: Element and nodal forces on a blade cross sectionwhere a and b are the unknown coefficients describing the linear and constant distribution in the blade cross section, and c describes the linear distribution along the blade. The subscripts x and y denote the direction of the corresponding nodal forces. These coefficients can be obtained by solving the resulting linear system of equations. To reduce storage and computational efforts, coefficients of the load components have been calculated for each surface node in advance. During the transient simulation, only simple evaluations are necessary to obtain the nodal loads from the corresponding element forces for every time step. The simulation is done with a constant time step of 0.005 s.
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 1 Numerical modal analysis results for the first three modes of the healthy blade.

Figure 3 :

 3 Figure 3: Stacked differences of natural frequencies with increasing damage The influences of artificial noise and the number of coefficients on the DSF are assessed with the help of the Bayes error rate. The upper bound is calculated according to Eq. (2), where the healthy and the damaged classes had the same number of samples. Therefore, both probabilities, b P and d P , are set to 0.5.Figure4ashows the results for different artificial noise levels, which are introduced to the simulated signals as Gaussian random sequences with a standard deviation equal to the standard deviation of the initial signal multiplied by the noise-to-signal ratio. Artificial noise levels with noise-to-signal ratios between 2 % and 10 % were considered. The error rate is lower for signals contaminated with noise for the first damage extent. This is the case, because the noise leads to a higher deviation of the baseline model, thus the Mahalanobis distances increase even in the healthy state. For increasing disbond lengths, increasing noise levels result in higher error rates. Nevertheless, the error rates drop significantly for disbond length between 0.72% and 2.87% and become very small for higher damage extents. Thus, it is shown that the proposed DSF is only lightly affected by signal noise.The results for different numbers of coefficients are shown in Figure4b, where five coefficients are added for each row beginning with five. It can be seen that disbonding with more than 4% blade length can be detected with a misclassification rate below 10% in all cases with more than 5 coefficients. However, the number of autocorrelation coefficients is chosen to be 150 coefficients in order to achieve a low error rate for the hypothesis testing and to obtain a high sensitivity for small damages.The hypothesis testing is done, as described above, with a baseline covariance matrix with 123 non-zero eigenvalues. The level of significance is chosen to be 5%, thus the distance limit for the healthy state is 149.88 for the cumulative distribution function
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 4 Figure 4: Effects on Bayes error rate; (a) Noise, (b) Number of Coefficients

Table 2 :

 2 Results of hypothesis testing for the nine damage extents.

	Damage extent in		Absolute		Relative	
	[%] of blade length	Fail to reject 0 H	Reject 0 H	Fail to reject 0 H	Reject 0 H
	0 %	H	0	200	0	1.0	0.0
	0.72 %	H	1	200	0	1.0	0.0
	1.44 %	H	1	198	2	0.99	0.01
	2.15 %	H	1	165	35	0.825	0.175
	2.87 %	H	1	5	195	0.025	0.975
	3.59 %	H	1	0	200	0.0	1.0
	4.31 %	H	1	0	200	0.0	1.0
	5.03 %	H	1	0	200	0.0	1.0
	5.62 %	H	1	0	200	0.0	1.0
	6.20 %	H	1	0	200	0.0	1.0
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