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Abstract

Considering the increase in the deployment of wind energy conversion systems,

improving the coexistence between wind turbines and wildlife with an efficient

method for blade impact assessment is of primary importance. Automated blade-

impacts on potential wildlife monitoring can support the development and operations

of wind farms. A substantial challenge is represented by the typical case of impacts

vibrations signature embedded in the operational vibrations of the wind turbine. A

heterogeneous multisensor system for automatic eagle detection and deterrent,

including an automatic blade-event detection module, was developed providing the

necessary field data. An automated blade event detection system, based on support

vector machine, a form of machine learning, was developed and tested. Training of

the algorithm was performed using features extracted from vibration signals and

energy distribution graphs obtained from numerical simulations of blade impacts.

Performance of the method, evaluated using numerical simulations at different levels

of signal-to-noise ratios, relative to artificial impacts, showed the best results when

trained using combined raw vibration signal and time marginal integration graphs,

exhibiting an overall accuracy of 93% at SNR=6. The proposed model was tailored for

improving specificity (i.e., false negative error), a critical aspect for endangered species

events. Performance of the trained algorithm evaluating field data exhibited an

improvement in impact detection from a visually identifiable rate of 42% to true positive

prediction rate of 75%. The system could perform, with appropriate training, diverse

functions as components health monitoring or lighting strike automatic monitoring.
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1 | INTRODUCTION

One of the major ecological objectives associated with the deployment of wind farms is the improvement of the coexistence of birds and bats

with wind turbines.1-5 Automated blade impacts on potential wildlife monitoring can support the development and operations of wind farms.

While blade collisions rates have been investigated and reported,6,7 traditional mortality estimates still rely on methods such as long-term visual
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observation and carcass survey.8-11 Those methods however are characterized by inherent uncertainties caused mainly by scavengers, low

deployment of human observers, and the nature of the environment like presence of thick grass, shrubs, or on water. Under the aforementioned

conditions, the estimated mortality rates could contain significant differences from reality.10

One approach for effective and low-cost automatic detection of bird/bat collision with wind turbines is to apply continuous vibration and

noise monitoring on blades by the implementation of vibrational or acoustic sensing devices. The conceptual design of a multisensor system that

provides both temporal and spatial coverage capacities for autodetection of bird collision events was carried out at Oregon State University

(OSU) based on prior research on bird collision monitoring systems.12,13 Vibrations and structural-borne noise data were acquired during field

testing on utility-scale wind turbines. Artificial collision events were created by launching tennis balls into moving blades using compressed-air

cannon. Preliminary results showed that it is feasible to detect an impact using common vibration sensors by visual inspection. Relatively simple

automatic algorithms were applied in the case of high signal-to-noise ratios (SNR).12 However, vibration signals that contain low-intensity impacts

embedded in relatively high background noise are characterized by low SNRs, exhibiting low rate or no success in detection. In such cases, more

advanced signal processing algorithms need to be developed and tested using experimental data.

Vibration-based monitoring techniques are well developed and widely adopted on modern wind turbines for the main purpose of structural

health monitoring (SHM).14,15 Vibration sensors such as piezoelectric diaphragms and accelerometers are commonly applied for the analysis of

dynamic structural response during turbine operations.16 A significant effort has been devoted by researchers for the detection of faults in rotat-

ing parts such as blades, bearings, and gearbox under dynamic loads, by identifying its characteristic features in the vibration signal. In such case,

signals caused by the defects will have a periodic characteristic. However, when in the occurrence of an abnormal one-time event, typically, a

blade strike or a lighting strike, the resulting effect is a nonperiodic signal. Currently, there are no practical existing methods/techniques for auto-

matic nonperiodic event detection. Moreover, a substantial challenge is represented by the case of impacts vibrations signature being embedded

and hidden in the operational vibrations of the wind turbine, a typical case of normal operations.

This paper presents a robust method for automatic detection of nonperiodic event under the general framework of SHM. Instead of tradi-

tional statistical analysis involved in SHM, a predictive model is constructed by implementation of support vector machine (SVM), one of the most

widely applied machine learning methods for general classification problems such as condition monitoring and fault diagnosis.17 The proposed

method extracts features from vibrations signals acquired on wind turbine blades and associated energy distribution graphs. Training of SVM is

achieved by running the algorithm on a significant number of impact simulations. Preliminary results obtained by testing the predictive model

trained by SVM using simulations of blade impact18 showed an increasing performance as the SNR increases, as expected. This paper explains

further developments in the SVM algorithm training methodologies by conducting simulated studies. Finally, a SVM predictive model was con-

structed, and its performance was evaluated using field data on a commercial 1.5-MW wind turbine with and without impacts on the blades.

2 | METHODS

2.1 | Support vector machine

SVM is a supervised machine learning method introduced by Cristianini17 and Boser et al.19 It is widely applied to specific fault diagnosis of differ-

ent types of machinery.20 The method, well known for classification of periodic-type events, was originally defined and applied to nonperiodic

events such as blade impacts with foreign objects. Using time histories of vibrations and structure-borne noise on wind turbine blades, a binary

classification problem including two classes of labeled events for training is defined. SVM then is employed to construct a predictive model for

new nonlabeled events.18

Given a sample dataset ðxi,yiÞNi=1, xi denotes the ith vector in the input space X and yi is the label associated with xi. A hyperplane, in the form of

fðxÞ=wTx+ b=0, ð1Þ

where w is the weight vector and b is the bias, is established to divide the input space X into two classes: positive (f(x) > 0) and negative (f(x)< 0).

Maximum margin criterion is applied to find the optimized hyperplane, which gives the maximum distance between the nearest data and plane, as

illustrated in Figure 1. Misclassification is allowed by introducing slack variables ξi > 0 and error penalty (also called soft-margin constant) C > 0.

The problem can be expressed by the following constrained optimization problem:

Minimize
1
2
‖w‖2 +C

Xn
i=1

ξi

subject to yiðwTxi + bÞ≥1−ξi ,

ð2Þ

which is also known as soft-margin SVM.
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For data that are nonlinearly separable in the input space X, the input vector xi can be mapped into a higher feature space F by mapping func-

tion Φ(x), making them linearly separable. Since explicitly mapping input vectors from the lower dimensional space into the higher dimensional

space can result in quadratic complexity, kernel function Kðxi,xjÞ=ΦTðxiÞ �ΦðxjÞ is introduced to solve the issue by skipping the step of explicitly

mapping.17 The following four basic kernels are most commonly used:

• linear: Kðxi,xjÞ= xTi xj,

• polynomial: Kðxi,xjÞ= ðγxTi xj + rÞ
d
,γ >0,

• radial basis function (RBF): K(xi, xj) = exp(− γ‖xi− xj‖2), γ > 0,

• sigmoid: Kðxi,xjÞ= tanhðγxTi xj + rÞ.

2.2 | Application to impact detection

The application of the methods described above for automatic impact detection on wind turbine blades starts with the collection of raw

time histories collected by the sensors installed on the wind turbine blades and then processed by continuous wavelet transform (CWT),

followed with integrating CWT with respect to time, producing the energy distribution graph, which is also defined as the time marginal

integration (TMI) graph.18 The flow chart of the proposed method is shown in Figure 2. A total number of 18 statistical features are

extracted from the raw signals and TMI graphs, as listed in Table 1. These time-domain features are commonly applied in vibration

monitoring methods for SHM.21-24

The next step is model training using extracted features. The performance of the trained SVM model in this work is mainly influenced

by two parameters: soft-margin constant (C), which controls the penalty assigned to classification/margin errors, and RBF kernel parameter

(γ), which significantly affects the decision boundary. The optimum values of C and γ need to be determined for the optimal model of the

best prediction capability. This optimization procedure is carried out through standard experimental setup of grid search evaluated by cross

validation technique. In k-fold cross-validation, training data are divided into k equal subsets. Each subset is tested using the model trained

by the remaining k− 1 subsets so that each instance in the whole training set is predicted once. Cross-validation error (CV_error),

defined as

CVerror =
Number of incorrectly predicted instances
Total number of instances in the training set

, ð3Þ

is used to evaluate the performance of trained model with selected parameters. In this work, the predictive model is trained by 10-fold cross-

validation with parameters C and γ optimized by grid search in a grid of 2−10–210 to achieve the minimum cross validation error.

F IGURE 1 Illustration of linear classifier in two-dimensional feature space
given by maximum margin criterion
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3 | SIMULATED STUDIES

To verify the validity of the SVM predictive model applied to impact detection, simulation experiments were conducted before its application to

field experimental data. Simulations of independent events with and without impact components were performed. Demonstration of the advan-

tage of TMI-based features was carried out. The performance of the model was further evaluated by the receiver operating characteristics (ROC)

curve.

3.1 | Impact simulation

In the simulation, each independent training example is constructed by combining a single impact signal and the background noise. The single

impact signal is defined as

TABLE 1 List of extracted features

No. Feature from raw signal No. Feature fromTMI graph

1 Kurtosis 10 Kurtosis

2 Skewness 11 Skewness

3 Mean 12 Mean

4 RMS 13 RMS

5 Variance 14 Variance

6 Peak 15 Peak

7 Impulse factor 16 Impulse factor

8 Shape factor 17 Shape factor

9 Crest factor 18 Crest factor

F IGURE 2 Flow chart of proposed method for automatic impact
detection on wind turbine blade
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sðtÞ=
0 t<0

exp −
ξffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1−2ξ2
p �2πft

 !
� sinð2πftÞ t≥0

8><
>: , ð4Þ

where ξ is the damping coefficient, ξffiffiffiffiffiffiffiffiffiffi
1−2ξ2

p is the damping attenuation characteristics of impact response, and f is the sampling frequency.25 The

background noise is simulated using Gaussian white noise characterized by its mean and root mean square (RMS) value. Signals are characterized

by different SNR levels, which depend on impact signal intensities and background vibrations. The SNR is defined as follows:

SNR=20log10
Aimpact

Anoise
, ð5Þ

where A denotes the RMS amplitude. Figure 3 illustrates simulated training example signals of the pure impact with ξ=0:007 and f =512 Hz,

Gaussian white background noise with zero-mean and 0.05 RMS, and the resulting combined waveform, respectively. The impact of SNR = 1.5,

which occurred at time = 0.5 s, was embedded in a noisy signal. For each level of SNRs (12 different levels from SNR = 0.5 to SNR = 6 with an

increment of 0.5), a total number of 10,000 independent examples (5000 with impact and 5000 without impact) were simulated.

3.2 | Performance evaluation

The SVM model was trained with 10-fold cross-validation and evaluated by overall accuracy18 and ROC curve. The overall accuracy, defined by

Overall accuracy=
TP+ TN

TP+ TN+ FP+ FN
, ð6Þ

F IGURE 3 Result of an example of the construction of a simulated blade impact with the waveform of combined signal with SNR = 1.5:
(A) Single impact with ξ= 0:007 and f =512Hz, (B) Gaussian white background noise with zero-mean and 0.05 root mean square, and (C) resulting
mixed signal
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where TP, TN, FP, and FN are true positive, true negative, false positive, and false negative events, respectively, represents the general perfor-

mance of the predictive model. To select an appropriate kernel function, the performance of four commonly used kernels on simulated data is

illustrated in Table 2. As can be noted, the RBF and sigmoid kernels both outperformed linear and polynomial with similar overall accuracy at dif-

ferent levels of SNRs. Since the RBF kernel performs slightly better in higher SNRs and it is generally preferred in most situations,17 it is applied in

the present work.

Figure 4 shows the relationships between SNR and accuracy of three different models (i.e., model trained by raw features only, TMI

features only, and combined raw and TMI features). It was expected that the overall accuracy of all models increases as the SNR

increases, exhibiting linear regression relationships. When SNR< 2 (i.e., the impact energy is too small), all models are considered as under-

fitting since an approximate of 50% detection rate in binary classification indicates nothing more than a random guess. Figure 4 also dem-

onstrates the advantage of TMI-based features. For instance, at SNR = 6, while the accuracy of the model trained by TMI features was

91.46%, the model trained by raw features only showed a much lower accuracy of 80.32%. The model trained by combined features

showed the best performance (93.98% in accuracy), which indicates a modest increase in respect to the model trained by TMI

features only.

ROC plot is a graphical plot that shows relative trade-off between true positive rate and false positive rate.26 It is obtained by plotting the

sensitivity against 1− specificity. The sensitivity, also known as the true positive rate, is a measure of the fraction of actual positives which have

been classified as such. The specificity, also known as the true negative rate, measures the fraction of actual negatives correctly classified as such.

They are mathematically expressed as

Sensitivity =
TP

TP+ FN
, ð7Þ

Specificity =
TN

TN+ FP
: ð8Þ

The obtained ROC plot for each selected level of SNR is shown in Figure 5. It can be noted from Figure 5 that as SNR increases, the points

move towards the top-left corner, which represents a perfect model with 100% rate in both sensitivity and specificity. Random guess boundary

was also proved by the ROC plot for SNR< 2. In the three cases of SNR=0:5, 1, and 1.5, the data points are close to the diagonal line (i.e., 50%

random guess line), indicating the model is inefficient and underfitting. Additionally, considering a real case of impact detection between an

TABLE 2 Performance of different kernels on simulated data

SNR Linear Polynomial RBF Sigmoid

3 56.43% 49.91% 59.35% 59.55%

4 65.42% 51.24% 72.98% 71.10%

5 73.40% 56.68% 83.80% 83.15%

6 92.46% 84.20% 95.80% 94.72%

F IGURE 4 Impact simulation results showing relationship between
SNR and accuracy for three different cases of model training
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endangered species and wind turbine blade, the occurrence of false negative is considered more critical than the occurrence of false positive. In

this respect, the specificity is considered more critical than sensitivity. Although SNR=5:5 has approximately the same sensitivity (i.e., false posi-

tive error) as SNR=5, the model is superior in improving specificity (i.e., false negative error).

F IGURE 5 ROC graphs showing classification performance of the proposed method using simulation data

F IGURE 6 Eagle detection, deterrent, and blade event detection

system diagram
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4 | EXPERIMENTAL EVALUATION

4.1 | System overview

A heterogeneous multisensor system with specific capabilities of eagle detection and identification, eagle deterrent, and blade collision detection

has been recently developed.27 The system mainly consists of three modules as shown in Figure 6. The monitoring of the airspace surrounding a

wind turbine is performed by the first module, a 360� field-of-view commercial camera. The camera module provides real-time feedback about

the presence of moving objects, eagle identification, and their flight paths with respect to the turbine structure. Once a moving object is detected

with sufficient number of pixels, eagle identification can be carried out by computer vision deep-learning techniques.27 In a positive event of eagle

flying towards the wind turbine, kinetic inflatable visual deterrents on the ground will be deployed automatically. The third module is a weather-

proof blade impact detection (BID) unit installed at the root of each blade as shown in Figure 7. The module includes vibration sensors, an

accelerometer and a contact microphone, providing continuous structural vibration monitoring used for blade collision detection. The InvenSense

MPU-9250 MEMS triple axis accelerometer, forming an inertial measurement unit (IMU), is rigidly attached inside the BID unit with two axes

(Y and Z) being in-plane in respect of the blade and parallel to the chord line and X axis off-plane. It provides the capability of recording accelera-

tion data in the full-scale range of ±16 g with a rated frequency response of 4–4000Hz and a sensitivity scale factor of 2048 LSB/g. The contact

microphone (CUI Inc. CEB-27D44) is a piezoelectric diaphragm that consists of a piezoelectric ceramic plate with an electrostatic capacitance of

16,000 at 1 kHz. Being attached to the blade surface using adhesive tapes, the deformation of the piezoelectric ceramic plate caused by surface

vibrations induces the electric charge. The accelerometer and contact microphone were set to acquire data at sampling rates of 512 and 1000Hz,

respectively. These sampling rates were specified based on the processing capability of current hardware for real-time collision monitoring.12,28,29

In addition, the BID unit contains a on-blade surveillance camera that provides visual images for potential taxonomic identification.

4.2 | Field testing summary

The overall system functionality and reliability were validated by field tests at the National Renewable Energy Laboratory (NREL) National Wind

Technology Center (NWTC) in Boulder, CO, and at the North American Wind Research and Training Center (NAWRTC) at the Mesalands Commu-

nity College inTucumcari, NM, both on a General Electric (GE) 1.5-MW wind turbine. Artificial impacts were created by launching tennis balls and

small potatoes using a custom compressed-air cannon.12,13 Sample plots of raw vibration recordings from the three blades on the GE 1.5MW at

the NWTC are illustrated in Figure 8. The top three time histories represent the voltage time histories recorded by the contact microphones, and

bottom three represent X axis (i.e., out-of-plane axis) accelerations recorded by the accelerometers. The tests were under low-wind speed condi-

tions and with the rotor in slow wind milling rotation. The figures show the impact occurring on Blade #1 was clearly visible due to the relatively

high SNRs, 14.1 and 4.4 for contact microphone and accelerometer, respectively. Due to the low background vibration noise and high impact

intensity, sensors on Blade #2 and Blade #3 were also able to capture this impact with relatively lower SNRs. The impact cannot be easily dis-

cerned from noise and signal spikes from Blade #2 signal from the contact microphone. Cases of data with extremely high noise in the signals or

multiple random spikes were classified as N/A.

F IGURE 7 Blade impact detection unit installed at the root of each blade on the GE 1.5MW at the NREL National Wind Technology Center
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In summary, 13 artificial impacts with tennis balls at NWTC and 13 at NAWRTC were successfully obtained and manually annotated during

wind turbines normal operation. Preliminary inspection showed that 11 over the total 26 impact events can be visually identified by any of the

recorded raw signals with calculated SNRs in a range between 1.3 and 25.4 with an average of 6.3. Field notes show that most of the identified

impacts occurred at the leading edge of the turbine blade thus at a relatively high kinetic energy, while impacts concealed by signal noise and with

significantly low SNRs were usually located closer to the rotor shaft at low kinetic energy.

4.3 | Application

4.3.1 | Data preparation and model training

Characteristically for a supervised machine learning method, a SVM predictive model requires a substantial number of training examples from all

classes to modify and optimize its nonprobabilistic linear classifier. In real applications, the vibration sensors would be installed on turbine blades

for a sufficient long period of time to obtain vibrations with and without impacts. Since the blade impacts obtained during field tests were not suf-

ficient for an efficient training of the predictive model, a large number of signals with and without impacts were mathematically simulated for

training purposes. The simulated signals, characterized by RMS of the background noise and SNR of the impact, were created to replicate the

characteristics of the actual signals.

Preliminary inspection on all impact signals indicated a higher reliability of accelerometer signals since contact microphone data exhibited ran-

dom noise such as multiple spikes shown in Figure 8 Blade #2, which can be misclassified as false positive impacts. The three-axis acceleration

F IGURE 8 Vibration signals from contact microphones (upper plots) and accelerometers (lower plots) with impact occurred on Blade #1

F IGURE 9 Illustration of a high-pass filter. (A) Raw acceleration signal recorded by the accelerometer installed on Blade #2 during an impact.
(B) After the application of a high-pass filter with cutoff frequency of 5 Hz, low-frequency components caused by blade rotation was eliminated
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data showed a wide variation of RMS and SNR due to different test sites, changing weather and turbine operating conditions. To avoid attributes

in larger numeric ranges dominating those in lower ranges, the out-of-plane X axis acceleration data from the NAWRTC tests with similar signal

properties were selected for valid evaluation of the proposed method. The 13 sets of actual impact signals from NAWRTC, each containing three

X axis acceleration signals from the three respective blades, were selected for the evaluation of the SVM predictive model. A high-pass filter with

cutoff frequency of 5 Hz was applied to acceleration signals to eliminate low-frequency components caused by blade rotation, as illustrated in

Figure 9. All signals were offset to zero to avoid numerical difficulties in calculation. The calculated RMS values range from 0.0020 to 0.0027 with

an average SNR of 2.7 for all identifiable impacts.

F IGURE 10 Illustration of actual acceleration signals used in model evaluation. (A–C) Raw vibration signals recorded by the accelerometers
installed on three respective blades during one impact event, Impact #2

TABLE 3 Predictive labels of the 13 actual impacts by the predictive model

Impact # Blade #1 Blade #2 Blade #3 Overall accuracy

1 1 N/A N/A 100%

2 1 1 −1 99%

3 1 −1 −1 97%

4 1 1 −1 99%

5 1 −1 −1 98%

6 1 1 1 Approximately 50%

7 N/A 1 1 99%

8 N/A N/A N/A N/A

9 1 1 1 Approximately 50%

10 1 N/A N/A Approximately 50%

11 1 N/A N/A 99%

12 1 N/A N/A 99%

13 −1 1 −1 98%
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A total number of 10,000 independent examples (5000 with impact and 5000 without impact) were simulated with zero-mean, RMS of

0.0027 g and a fixed SNR of 2.7. 10-s signal were simulated at sampling frequency of 512Hz; thus, each instance contains 5120 data points for

data processing. The predictive model was trained using those examples by 10-fold cross-validation with parameters C and γ optimized by grid

search in a grid of 2−10–210. It was observed when C and γ are equal to 0.169 and 0.129, respectively, the optimal model has the minimum cross

validation error that equals to 0.79%.

F IGURE 11 Results in percentage of identifiable impacts by: (A) visual inspection and (B) the constructed predictive model

F IGURE 12 Graphs of (A) raw acceleration time histories and (B) energy distribution of Impact #12 on Blade #1. The impact was visually
non-identifiable but was successfully predicted by the predictive model
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4.3.2 | Results

It was determined that testing the predictive model, obtained as explained above, with real vibrations signals was critical; thus, the con-

structed model was evaluated using 13 actual impacts. Figure 10 illustrates one set (i.e., three instances during one impact event, 5120 data

points each) of the raw vibration data used for model evaluation. For testing purpose, 1000 extra independent examples (500 with impact

and 500 without impact) were simulated by the same parameters as used in the training dataset simulation and were added to each actual

impact to construct a rich testing dataset. This step provides a larger base of testing examples for the overall accuracy evaluation, which is

necessary in determining if a model is reliable or underfitting. The labels of the 13 actual impacts as predicted by the proposed model

including overall accuracy are listed in Table 3. Although all actual impacts were predicted as impacts by any of the three-axis acceleration,

Impacts #6, #9, and #10 showed significantly lower overall accuracy (approximately 50%), indicating the model is underfitting; hence, their

results were considered invalid. The reason for low accuracy was attributed to high signal noise level. Figure 11 shows graphically the over-

all results of our validation runs. Excluding Impact #8, 75% of the actual impacts (nine out of 12) were successfully predicted, including

those impacts signal concealed by the background noise, compared to 42% of the actual impacts (five out of 12) identified by visual inspec-

tion or detectable by simpler algorithms. Figure 12 illustrates a sample of a non-identifiable signal that was successfully predicted to contain

an impact with an overall accuracy of 99%.

5 | CONCLUSIONS

This study demonstrates the feasibility of the proposed SVM model for detection of blade impact signals concealed in background noise using

vibration data collected by conventional sensors (accelerometer and contact microphone) installed on wind turbine blades. Field tests were per-

formed on commercial wind turbines in operating conditions with addition of artificial impacts of tennis balls on blades. Considering the collected

data base of confirmed artificial impacts, 11 out of 26, with an average calculated SNR of 6.3, were identified by visual inspection. Those impacts

could be alternatively automatically detected by simple automatic algorithms. Simulated operational vibrations with and without impact showed

that the proposed SVM model formulated from features extracted from raw and TMI signal has been found to be effective in automatic impact

detection in low SNR when the impact is embedded in the background vibration noise, and virtually invisible from inspection. Field impacts aug-

mented by a number of mathematically simulated impacts, at different levels of SNRs, including at extremely low levels of SNRs, showed that the

proposed SVM model can effectively detect and classify an abnormal one-time (nonperiodic) event as an impact with sufficient accuracy for rela-

tively low levels of SNRs. Considering a SNR ≥ 6, the overall accuracy can be higher than 93%. Results also showed approximately 50% of accu-

racy for SNR< 2.0, which indicates the model limit reaching random guess in a binary classification problem. Random guess boundary was also

proved by the ROC plot illustrating model results close to the diagonal random guess line for SNR< 2. Comparison between predictive models

formulated by three different feature sets showed the best results for the model trained using combined features extracted from both raw vibra-

tion signal and TMI graph. TMI-only feature however showed results close to the combination of the two while using raw features only exhibited

the lowest performance. Finally, the predictive model trained by simulated signals was evaluated using field data from NAWRTC. Results showed

an overall true positive impact detection of 75% compared to 42% of the actual impacts identified by visual inspection or detectable by simpler

algorithms, validating that concealed (not visible) impacts can be successfully identified by the proposed predictive model. Alternative training of

the same algorithm can perform different tasks as blade SHM, lighting strike or hail impact automatic monitoring. The system is designed to be

turbine-agnostic; thus, it can be installed and implemented at any time of the turbine operational life or deployment.

6 | FUTURE WORK

As concluded, the proposed model with the current training is not effective for extremely low levels of SNR< 2. Potential improvements of the

system include the following:

• Algorithm optimization for real time operations;

• Establish new features with stronger correlations with the characteristics of an impact event need in the presence of significant background

vibrations noise;

• Increase field data collection to improve model training and possibly identifying new features;

• Installing multiple sensors at different positions per blade and on nacelle and apply sensor fusion techniques to improve impact signal detec-

tion. Optimization studies with the objective of establishing the minimum number of vibration sensors on blades for optimum performance and

minimum cost could also be beneficial.
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