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Abstract

:

Regular inspections of important civil infrastructures are mandatory to ensure structural safety and reliability. Until today, these inspections are primarily conducted manually, which has several deficiencies. In context of prestressed concrete structures, steel tendons can be susceptible to stress corrosion cracking, which may result in breakage of individual wires that is visually not observable. Recent research therefore suggests Acoustic Emission Monitoring for wire break detection in prestressed concrete structures. However, in noisy environments, such as wind turbines, conventional acoustic emission detection based on user-defined amplitude thresholds may not be suitable. Thus, we propose the use of matched filters for acoustic emission detection in noisy environments and apply the proposed method to the task of wire break detection in post-tensioned wind turbine towers. Based on manually conducted wire breaks and rebound hammer tests on a large-scale test frame, we employ a brute-force search for the most suitable query signal of a wire break event and a rebound hammer impact, respectively. Then, we evaluate the signal detection performance on more than 500 other wire break signals and approximately one week of continuous acoustic emission recordings in an operating wind turbine. For a signal-to-noise ratio of 0 dB, the matched filter approach shows an improvement in AUC by up to 0.78 for both, the wire break and the rebound hammer query signal, compared to state-of-the-art amplitude-based detection. Even for the unscaled wire break measurements originally recorded at the 12 m large laboratory test frame, the improvement in AUC still lies between 0.01 and 0.25 depending on the wind turbine noise recordings considered for evaluation. Matched filters may therefore be a promising alternative to amplitude-based detection algorithms and deserve particular consideration with regard to Acoustic Emission Monitoring, especially in noisy environments or when sparse senor networks are required.
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1. Introduction


Nowadays, regular inspections of civil infrastructures are primarily conducted manually. Manual inspections of poorly accessible large infrastructures, such as offshore wind turbines, are time-consuming, hazardous, costy and often lead to undesired downtimes of the operating infrastructure. Furthermore, these manual inspections are often limited to visual examinations as part of a preventive maintenance strategy, so that minor damages remain unnoticed during inspection-free time periods. If those minor damages further grow in the meantime, the cost of repair increases dramatically, having a negative impact on the levelized cost of energy [1]. Therefore, with the rise and broad availability of cost-effective compute resources and storage media, the interest in automated structural health monitoring (SHM) solutions gained increasing interest. With regard to prestressed concrete structures, one specific problem is the breakage of individual wires in steel tendons due, for example, stress corrosion cracking [2,3,4]. Since this kind of damage is visually not observable, researchers investigated non-visual techniques originating from the field of non-destructive testing. First investigations on the applicability of time domain reflectometry, a method widely applied to fault detection and localization in, for example, telecommunication cables, are presented in [5,6]. Besides, numerous studies evaluated another electromagnetic technique referred to as magnetic flux leakage (MFL) to detect broken wires [7,8]. Even though, MFL is physically well-founded and especially sensitive to minor reduction in cross-sectional area of steel structures, its application to prestressed steel tendons in large civil infrastructures, such as wind turbines, is challenging due to the local magnetic field and hence the need to move the permanent magnet along the length axis of each single tendon, which is usually limited to external steel tendons. Due to these limitations, other research groups proposed the use of acoustic emission testing (AET), a passive non-destructive testing method that utilizes piezoelectric sensors to detect highly energetic structure-borne sound waves emitted during the fracture process of the steel wires. Some pioneer work of AET for wire break detection in prestressed concrete structures dates back to the late 90’s and early 2000’s [9]. In the following years, an extensive research project, that involved the installation of an acoustic emission measurement system on a real prestressed concrete bridge in Switzerland, lead to further insights regarding this application of AET [10,11]. More recently, different research groups pick up those findings and continue research in that field by collecting and analyzing even more experimental data. In [12], a detailed analysis of a comprehensive database of wire breaks manually conducted on different construction types of bridge girders is given. The authors conclude that for a reliable differentiation between wire break signals and background noise caused by the environment, the distance between individual acoustic emission sensors should not exceed approximately six meters. Similar sensor distances were also reported for a tunnel infrastructure in [13] and are supported by the findings regarding the geometric damping of high frequency acoustic emissions in [14]. However, the majority of studies related to wire break detection focuses on bridge infrastructures built in the second half of the twentieth century, when knowledge regarding corrosion effects on steel tendons was limited. But the increasing demand for renewable energies and the importance of wind energy in that sector also led to more economic constructions of wind turbine towers. So-called hybrid towers are one of these alternative construction types, which allow for the erection of wind turbine towers with large hub heights even in regions, where transportation capabilities are limited [15]. Nowadays, these constructions are of comparatively young age but as the lifespan progresses, breakage of single wires within the tendons may also become a security hazard for this type of infrastructure. A very first investigation on the geometric damping of acoustic emissions in external tendons with regard to applications in wind energy turbines was conducted in [16]. However, this study as well as most of the other aforementioned articles mainly focus on the characteristics of wire break signals and their damping behaviour to provide guidance regarding sensor distances that allow for a reliable detection of wire breaks by ensuring comparatively good signal-to-noise ratios. In more noisy environments, this may lead to dense sensor networks that are either not economic or not applicable due to geometric constraints. In a hybrid wind energy tower, for example, the installation of only a few sensors at the base and the tower head may be desired since mounting several sensors in low distances on each single tendon would result in dozens of sensors and hence make acoustic emission monitoring economically inefficient. In this work, we therefore propose the use of matched filters for acoustic emission monitoring of large civil infrastructures. We apply the proposed method to the specific task of wire break detection in post-tensioned steel tendons of wind turbine towers and evaluate the approach on more than 500 wire break signals and approximately one week of continuous acoustic emission recordings during the operation of a real wind turbine. The remainder of this article is structured as follows. In Section 2, we first describe the conducted wire break experiments on a large-scale laboratory test frame as well as the acoustic emission measurements in the operating wind turbine. Next, we give a brief introduction into matched filters and describe our approach with regard to the task of wire break detection in more detail. Finally, we close this section with a quick overview of an amplitude-based detection procedure and relevant metrics used for evaluation. In Section 3, we show some experimental results and corresponding findings followed by a detailed evaluation of the matched filter approach and its comparison with the previously introduced amplitude-based detection. The results are discussed and future research directions are highlighted in Section 4 and Section 5, respectively.




2. Materials and Methods


In the following Section 2.1, we first describe the acoustic emission measurements collected from laboratory experiments and an approximately 140-meter tall hybrid tower of an operating wind turbine. Section 2.2 continues with a detailed description of the proposed matched filter approach for wire break detection followed by a brief introduction of the basic amplitude-based detection, which is commonly implemented in commercially available AE systems. In Section 2.3, we close with an overview of some relevant metrics and data augmentation techniques used for evaluation.



2.1. Datasets


In this section, we describe the datasets of (i) long-term recordings within the concrete tower of an operating wind turbine (Section 2.1.1), (ii) manually conducted wire breaks in external post-tensioned steel tendons (Section 2.1.2) and (iii) rebound hammer impacts as a lightweight alternative to generate wire break-like AE signals (Section 2.1.3). All datasets are later utilized to evaluate the matched filter technique for acoustic emission detection in noisy environments.



2.1.1. Long-Term AE Monitoring in an Operating Wind Turbine


As part of a research project, we had access to a hybrid tower of an operating wind turbine with a hub height of approximately 142 m, in which we installed an AE measurement system with eight sensors. Four sensors (Model: Vallen VS30-SIC, Wolfratshausen, Germany) were installed on the transition piece at the top of the concrete part of the hybrid tower construction and another four sensors at the footing of the tower. Figure 1 depicts a cross-sectional view of the transition piece on the left and the footing on the right along with the positions of sensors that are later used for evaluation. In contrast to the laboratory experiments, described in the following sections, we here continuously recorded the environmental noise for a period of about one week. For all subsequent analyses and evaluations, we assume that no damage occured in the operating wind turbine within this period.




2.1.2. Wire Break Events in Post-Tensioned Steel Tendons


To investigate acoustic emissions due to wire breaks in post-tensioned steel tendons, a large-scale test frame with four post-tensioned steel tendons, each consisting of 30 single wires with a diameter of seven millimeters was built. The design of the anchor beams of the test frame and the selection of the steel tendons is based on a typical hybrid tower construction of wind energy turbines built by Max Bögl Wind AG. Figure 2 shows a technical drawing of the test frame together with some experimental details, such as sensor layout and wire break locations. Each tendon of the test frame was initially post-tensioned with approximately 700 kN. In total, 24 AE sensors were installed to capture AE signals resulting from the wire break experiments. As can be seen from Figure 2, the AE sensors were distributed on the anchor beams and the specific steel tendon under test. For economic reasons, the sensors on the anchor beams are of primary interest for the task of acoustic emission-based wire break detection and hence are in the focus of this study. These sensor positions remain unchanged throughout the experimental procedure on all four tendons. To account for the effect of the acoustic wave’s travel path between sensor and source, i.e., wire break location, the location for the manually conducted wire breaks was varied for each tendon. In each tendon, all 30 single wires were manually cutted using a small angle grinder. By carefully cutting each single wire separately and stopping the cutting process as soon as the cross-sectional area of the wire was significantly reduced, we were able to provoke numerous sudden wire breaks without any noise from the angle grinder. In total, we manually conducted 120 wire breaks in four steel tendons. For comparative reasons with the measurements from the tower structure of the real wind turbine (Section 2.1.1), we restrict the analysis to all wire break signals captured with sensors that are installed on the anchor beams and show a main sensitivity in the lower ultrasonic frequency range up to 80 kHz (Sensor Model: Vallen VS30-SIC). After eliminating saturated AE signals, we finally obtain a database of 294 wire break signals for the anchor beam representing a footing replica of a real wind turbine tower and 235 wire break signals for the anchor beam, whose design is a transition piece replica of a hybrid tower construction.




2.1.3. Rebound Hammer Impacts on Post-Tensioned Steel Tendons


In addition to those previously described wire break recordings, we also collected some AE signals due to rebound hammer impacts throughout our experiments. Those additional experiments are primarily motivated by [14] and related work in the field of acoustic emission-based wire break detection in steel tendons. Here, the authors observed some similarities between AE signals caused by rebound hammer impacts and those related to real wire break events. In this work, impulsive AE signals caused by rebound hammer impacts on Tendon T2, before the first wire break, are analyzed. Details regarding the location of the impact hammer tests are depicted in Figure 2. In total, 119 and 120 rebound hammer impact signals recorded on the transition piece and the footing replica, respectively, were examined.





2.2. Methodology


In the following, we now give a brief overview of matched filters and describe our approach to select a query signal for wire break detection based on the databases obtained from the laboratory experiments (Section 2.1.2 and Section 2.1.3). Afterwards, we briefly review the amplitude-based detection algorithm as it is implemented in most commercially available AE systems and used for comparison.



2.2.1. Matched Filter for Acoustic Emission Monitoring


Matched filters, whose fundamentals were layed in the mid of the twentieth century [17], already have a long history in digital signal processing and consequently have numerous applications in various disciplines, such as radar, digital communication and even biomedical signal processing [18]. Generally speaking, matched filters can be understood as a special technique for pattern recognition in one-dimensional signals. For two-dimensional data, such as images, a closely related method is referred to as template matching, a terminology, which, from our point of view, emphasizes even better the intent of this approach. Theoretically, the design of a matched filter requires specific knowledge about the signal whose occurrences shall be detected. Assuming the query signal   Q n  , that one is looking for, is known and the underlying noise   W n   is white, i.e., the autocorrelation of noise is the dirac delta distribution and its mean is zero, the optimal filter, which maximizes the signal-to-noise ratio (SNR), is known to have an impulse response   h n Q   that is the time-reversed version of the query signal   Q n  . Formally, this filter’s impulse response can be expressed by Equation (1) [19], where T denotes the number of samples of the query signal, i.e., its duration. Figure 3 depicts the effect of a matched filter on the signal-to-noise ratio in the previously described ideal case, where the detection of a known signal in white gaussian noise is desired.


   h n Q  =  Q  T − n    for  n ∈  { 0 , 1 , … , T }   



(1)







Now, let   Q n   represent acoustic emission measurements caused by manual breakage of single wires of steel tendons (Section 2.1.2) or the impact of a rebound hammer (Section 2.1.3) and   W n   represent long-term AE measurements in an operating wind turbine (Section 2.1.1). In order to detect the presence of signals similar or equal to the query signal   Q n   within the data stream of noisy measurements   W n  , the cross correlation can be evaluated instead of convolving   h n Q   with   W n  . However, in contrast to other applications of matched filters, acoustic emission (AE) monitoring scenarios usually do not fulfill the aforementioned theoretical requirements. The query signal, for example, is not known beforehand since it is influenced by the characteristics of the source signal and the location-dependent transfer function of the structure under test, i.e., the wave’s travel path. Nonetheless, given a comprehensive database of rebound hammer impacts   D  r h    recorded on the structure under test itself or some experimental wire break events   D  w b   , recorded on a laboratory test structure similar to the one considered for permanent deployment of the AE system, we suggest that a suitable query signal can be found in the databases of either wire breaks   D  w b    or rebound hammer impacts   D  r h   . In the following, those aforementioned databases are assumed to be represented as matrices, in which rows represent the different AE signals and columns hold the measured amplitudes at discrete time intervals   Δ t  . For the rest of this section, we will not further distinguish   D  r h    and   D  w b    and universally write  D , when either one of them is meant. Empowered by constant improvement in compute power during the last two decades, we conduct a brute-force search to find a suitable query signal   Q n   from our databases of AE signals  D  collected in the laboratory experiments and peak normalized for further processing. Each row of  D  represent one candidate for the query signal   Q n  . Assuming that our design of the test frame is comparable to the construction of the real wind tower as intended throughout the design process and that the structure-borne sound paths can be considered to fullfil the properties of a linear system, each of the wire break signals of   D  w b    can be superimposed with an arbitrary, but representative noise segment   W n   to generate a database of wire breaks in a realistic environment    D  w b   ¯  . Next, we cross-correlate any candidate query signal   q  i , ·    from  D  with any noise-contaminated wire break signal   w  k , ·    from    D  w b   ¯   and save the absolute maximum of that new signal in a matrix element   C  i , k    according to Equation (2), where  S  is a scale factor and   ∥ x ∥   simply denotes the number of samples of any signal x. To finally obtain the best-suited query signal   Q n   from the set of candidates, we then calculate the first 10-quantile for each row    (  C  i , ·   )   0.1    and apply the   arg  max  -function on the resulting vector   p k   (Equations (3)–(5)).


     C  i , k      ≔  max  0 ≤ m ≤ M − 2     1 S   ∑  n = 0    ∥   D  i , ·    ∥ − 1     D  i , n   ·   D ¯   w  b  k , n − m + N − 1                with  N =  max ( ∥   D  i , ·    ∥ , ∥    D ¯   w  b  k , ·      ∥ ) ,   M  =  ( ∥   D  i , ·    ∥ + ∥    D ¯   w  b  k , ·      ∥ )               ∀ i ∈  { 0 , 1 , 2 , … , ∥   D  · , 0    ∥ − 1 } ,  ∀ k ∈ { 0 , 1 , 2 , … , ∥   D  w  b  · , 0      ∥ − 1 }           



(2)






       p k     ≔   (  C  k , ·   )   0.1     ∀  k ∈  { 0 , 1 , 2 , … , ∥   C  · , 0    ∥ − 1 }       



(3)






      j    ≔   arg  max   0 ≤ k ≤ ∥ p ∥    p k       



(4)






       Q n     ≔  D  j , n      ∀  n ∈  { 0 , 1 , 2 , … , ∥   D  j , ·    ∥ − 1 }       



(5)








2.2.2. Amplitude-Based Detection


As a reference method, we implemented a simple amplitude-based detection, which is the state-of-the-art method for acoustic emission detection in most commercially available AE systems, like the AMSY-6 from Vallen Systeme GmbH that we used for our experiments [20]. This simple method utilizes user-defined amplitude thresholds and detects any AE event that crosses that amplitude threshold at least once. Additionally, some secondary parameters such as the so-called hit lockout time (HLT) and hit definition time (HDT) need to be set [21]. However, these parameters are primarily used to avoid detections of early reflections of AE events and to separate several AE hits that occur within a short time period. Figure 4 depicts the aforementioned parameters on a time-amplitude diagram of an exemplary AE event.





2.3. Evaluation


To evaluate our proposed matched filter approach for acoustic emission detection in noisy environments, we make use of the well-known receiver operating characteristic (ROC), which plots the rate of false positive and true positive detections against each other. The area under this curve, often abbreviated as AUC, is a quantitative measure of performance for binary classification or detection tasks. To obtain a suitable number of discrete points for the ROC curve, we extract the maxima of the cross-correlations between the previously determined query signal   Q n   and all other noise contaminated wire break signals    D  w b   ¯  , which are stored in the j-th row of the matrix  C  (see also Section 2.2.1). Then, we calculate the empirical p-quantiles of those cross-correlation maxima for all   p ∈ { 0.0 , 0.05 , 0.10 , … , 1.0 }   and use each of these values as a detection threshold for processing the datastream obtained from cross-correlating the query signal   Q n   with the operational recordings from Section 2.1.1. For comparison with the state-of-the-art amplitude-based detection, we similarly estimate the p-quantiles of the amplitude thresholds from the original database of wire break signals   D  w b    and process the raw operational recordings with these amplitude thresholds. Finally, we obtain equidistant discrete points on the ROC curve for each method and can estimate AUC by numerical integration using trapezoidal rule. Since the large-scale experimental test frame and the resulting distances between sensor and AE source, i.e., wire break event, are still small compared to the heights of a real wind turbine tower, we also investigated different signal-to-noise ratios by scaling each wire break signal from the database   D  w b    to the noise power of a segment of operational recordings   W n  . Let   P W   and   P i D   denote the power of the noise segment and the i-th wire break signal of the previously introduced database   D  w b   , respectively. Then, a scaled version of this database   D  w b   k  d B     can be obtained by Equation (8), where   k  d B    is the desired signal-to-noise ratio in decibel. Figure 5 shows an example of a wire break signal embedded in environmental noise recorded during the operation of a wind turbine for different signal-to-noise ratios.


       P W     =  1 N   ∑  n = 0   N − 1      W n   2        



(6)






     P i D     =  1 N   ∑  n = 0   N − 1      D  w  b  i , n      2         D  w  b  i , n     k  d B       ≔     10    M  M   k  d B    /  10   ·  P W    P i D    ·  D  w  b  i , n      ∀  i ∈  { 0 , 1 , … , ∥   D  w  b  · , 0      ∥ − 1 }  ,     



(7)






              n ∈ { 0 , 1 , … , ∥  D  w  b  i , ·     ∥ − 1 }     



(8)









3. Results


To further motivate the use of matched filters for the detection of signals of specific signal sources in acoustic emission monitoring of large civil infrastructures, we first provide some analysis results of the laboratory wire break experiments and the AE measurements recorded in the operating wind turbine. Here, we focus on the geometric damping of the signal’s amplitude to show that for an economic network with an affordable number of AE senors on large infrastructures, the detection of signals in the presence of noise is indeed a fundamental challenge. In subsequent subsections, results of the earlier introduced matched filter approach are presented and compared with a simple state-of-the-art amplitude-based detection of AE signals described in Section 2.2.2.



3.1. Attenuation of Wire Break Signals & Environmental Noise Level


Based on the laboratory experiments, we analyzed the attenuation of the signal’s amplitude for specific sensor and source positions. From Figure 6, a significant decrease in the signal’s amplitude with respect to the distance between sensor and acoustic source location can be observed for a sensor mounted on the transition piece replica of the test frame. For the footing replica, such an obvious decrease in amplitude with increasing distance to the signal’s source is not observed. However, the measured maximum amplitudes of the wire break signals are generally lower compared to the amplitudes measured at the transition piece replica. A possible explanation for the lower amplitudes at the footing replica might be the more complex path of the structure-borne sound waves, which need to travel from the tendon in the anchor rods that are fastened at the anchor beam’s side opposite to the acoustic emission sensors. In contrast to the anchorage at the transition piece replica, the waves also need to travel back through the massive concrete beam to reach the AE sensors. Another aspect might be the different surface material, on which the AE sensors are mounted. On the transition piece replica, there is one 50 mm thick steel plate that covers the anchor positions of all four tendons and possibly shows better acoustic properties than the uncovered, raw concrete beams at the footing replica. In this work, we consciously considered only sensors on the anchor beams, since these sensor positions are the only ones that are generally able to monitor multiple tendons simultaneously and are therefore the means of choice with regard to a permanent monitoring of a wind turbine tower. A separate sensor on each tendon would result in an AE monitoring system with numerous sensors and would therefore be economically unfeasible. Since the number of sensors is limited and does not allow a meaningful regression analysis that can be used to extrapolate to distances, i.e., signal path lengths, of a real wind turbine tower, we only provide some statistical results on the damping behaviour for Sensor [image: Acoustics 06 00011 i001]24 installed on the transition piece replica (see Table 1). Even though we also observe an increase in amplitude for single wire break events here, an average decrease in the signal’s amplitude of approximately seven to eight dB is estimated for both, the wire break signals originating from the experiments on Tendon T3 and T2 as well as Tendon T2 and T1. Considering the observed background noise in the operating wind turbine summarized in Table 2, wire breaks occuring on the free span length of external tendons may indeed result in acoustic emission signals with a low SNR for sensors mounted on the footing or the transition piece of a wind turbine tower. Hence, the investigation of alternatives to conventional amplitude-based detection is of specific interest for acoustic emission monitoring applications on large civil infrastructures.




3.2. Evaluation of Matched Filter for Wire Break Detection


In this section, we provide first results for the matched filter approach. The query signals that we used here are specific wire break or rebound hammer signals   D  i , ·    taken from the database obtained from the laboratory experiments and selected as described in Section 2.2.1. In real application scenarios, however, wire break signals from laboratory experiments might not be available to guide the selection process for the most suitable query signal. Therefore, we also modified the selection procedure by replacing the   arg  max  -function in Equation (4) with the   arg  min  -function to evaluate the performance of the approach in terms of a badly chosen query signal. In case of the rebound hammer query signal, this allows us to account for scenarios, where no wire break signals are available for the selection process, but suitable query signals due to rebound hammer impacts can be acquired directly on the structure under test during the installation of the AE monitoring system. The selected query signals using   arg  max  - (best) and   arg  min  -function (worst) are depicted in Figure 7.



Even though we conducted those wire break experiments on a comparatively large test frame, laboratory experiments are somehow always limited to represent real structures or a part of it in a certain scale. Due to the observed damping behaviour even for these relatively short distances, we therefore scaled the dataset of wire breaks from the laboratory experiments according to Equation (8) and evaluated our matched filter for all these different signal-to-noise ratios. For completeness, the results of the unscaled version of wire breaks are provided as well. Figure 8 exemplary shows the ROC curves determined using one week of operational recordings from sensor [image: Acoustics 06 00011 i002]5 installed in the wind turbine tower and the wire break signals recorded at the footing replica of the laboratory test frame. The different subfigures depict the results for the different query signals shown in Figure 7 and selected as described previously.



For the best suited query signal, the matched filter shows even for very high true positive rates around 0.95 and low signal-to-noise ratios of 0 dB just a very few false positive detections below five false alarms per day. However, in the worst scenarios, i.e., when no optimization of the query signal is performed, false alarms can be triggered up to 30 times a minute. Hence, the selection of a suitable query signal based on a database of wire break signals is a crucial step and particular important for the performance of the matched filter approach.




3.3. Comparison with Amplitude-Based Detection


As previously mentioned, we also implemented an amplitude-based detection as it can be often found in modern commercially available AE measurement systems. Similarly to the evaluations of the matched filters, we also investigated different SNRs for this detector by scaling the wire break signals before extracting the maximum amplitudes. The ROC curves for this detector evaluated on one week of AE measurements from sensor [image: Acoustics 06 00011 i002]5 installed at the operating wind turbine and the wire break signals recorded at the footing replica during the laboratory experiments are also presented in Figure 8. For a more detailed comparison of the different detection techniques, the AUC values for both, the matched filter approach and the amplitude-based detection are presented in Table 3. The last column of these tables show the increase in AUC between the matched filter approach and the amplitude-based detection.



As expected, the matched filter approach shows its strength especially for low signal-to-noise ratios meaning its application is particularly useful when weak damage signals due to attenuation effects or very noisy environments are expected. While there is a remarkable increase in AUC between 0.27 and 0.78 for signal-to-noise ratios of 2 dB and lower, we even observed a not negligible gain in performance of about 0.01 to 0.25 for the superposition of unscaled wire break signals from the laboratory experiments and the original measurements collected at the operating wind turbine. The small drop in terms of AUC with increasing SNR, which always lie below 0.06, further underlines the robustness of the matched filter approach under varying SNR compared to the detection based on user-defined amplitude thresholds. Besides, the differences in AUC for the amplitude-based detection under higher SNR across different sensor measurements from the operating wind turbine should be noted, particularly for sensors [image: Acoustics 06 00011 i002]3, [image: Acoustics 06 00011 i002]5 and sensor [image: Acoustics 06 00011 i002]7. These significant differences can be attributed to single amplitude spikes within the raw measurements of sensor [image: Acoustics 06 00011 i002]7, which causes high false positive rates using amplitude-based detection. The matched filter approach, however, seems to handle these kind of anomalies comparatively good, showing only a slight decrease in the AUC scores.





4. Discussion


In many applications of acoustic emissions within the field of non-destructive testing and structural health monitoring, the analysis of acoustic emissions can usually be condsidered as a two-stage approach. First, the raw recordings of structure-borne sound acquired by the acoustic emission sensors need to be preprocessed in a way that background noise is filtered out and only acoustic emissions that might be of further interest are extracted and saved to a database for further analysis. Often, this extraction of suspicious acoustic emissions is done during the acquisition process by setting a user-defined amplitude threshold that lies above the level of background noise. Due to the high sampling rates especially in ultrasonic acoustic emissions which is the most prevalent form of acoustic emission testing, this extraction during the acquisition phase is of specific interest to keep the amount of data manageable and reduce costs for storage devices. In typical application scenarios of AET, the analysis of previously extracted short acoustic emission signals is then carried out in a subsequent step. Depending on the problem at hand, different analysis strategies can be considered ranging from cumulative AE energy analysis as it is often done in the field of materials research [22] to a more detailed analysis of specific signals as it is necessary, for example, in wire break recognition. In the latter application scenario, the second step involves a classification of different acoustic emission signals recorded during the acquisition phase. This classification step can be carried out in many different ways using parameter-based as well as signal-based analyses as described in [23] in conjunction with a rule-based system or data-driven algorithms previously trained on dedicated datasets [24]. This two-stage approach of (i) AE signal extraction and subsequent (ii) classification might work well under laboratory conditions or in environments where the energy of the overall background noise can be implied to be lower than the AE signal’s energy. However, it has its limitations especially in monitoring applications of civil infrastructures, where the influence of environmental and operational conditions may result in varying, often higher background noise. Additionally, those applications often demands for a low number of sensors so that even signal sources that are expected to have a high energy release might result in weak signals due to geometric damping. In these cases, when the signals tend to be buried in noise, the separation of the two steps (i) extraction and (ii) classification might not be feasible or at least requires more sophisticated signal processing techniques to work well. For a specific problem at hand, the combination of extraction and classification in a single algorithm is, however, not really disadvantageous as long as the detection of the desired signals is reliable enough for the specific use case. Therefore, we here introduced the use of matched filters for damage detection in structure-borne sound recordings, which are one particular method that allows the combination of processing raw structure-borne sound recordings and classifying the acoustic emissions. Due to their theoretical properties with regard to enhancement of signal-to-noise ratios, matched filters allow for a more reliable detection in noisy environments, such as wind turbines, and therefore deserve serious consideration in monitoring applications where sparse sensor networks, i.e., larger distances between single acoustic emission sensors are desired. Our results show that the matched filter approach for AE signal detection is quite robust showing significantly higher AUC scores for a wide range of signal-to-noise ratios compared to the amplitude-based detection. Due to the comparatively low number of false positive alarms even for high true positive rates above 90%, the matched filter approach may therefore even circumvent subsequent classification steps commonly applied to postprocess the database of AE detections from the preliminary detection step. However, a downside of the matched filter approach is the availability and selection of a suitable query signal which generally requires experimental measurements that are in close agreement with the signals that are expected to appear in the applied monitoring phase. In Section 3.2, we showed that the selection of a suitable query signal is of particular importance for the matched filter approach. However, wire break signals from a similar structure are usually not available in real applications and, hence, cannot be used to select a suitable query signal. Therefore, future research should address the question how to guide the selection process, when wire break signals from a similar structure are not available. The acquisition of suitable candidate query signals, however, is shown to be not an issue, since signals from non-destructive rebound hammer impacts show comparable results to actual wire break query signals. Such impact tests can be recorded during the installation of any monitoring system. With regard to safety critical applications, it should be further noted that an immediate more in-depth analysis of any detected signal by a human expert (human-in-the-loop) might require further post processing steps like denoising [25,26], when the signal-to-noise ratio is low.




5. Conclusions


In this work, we addressed the issue of low signal-to-noise ratios in acoustic emission analysis, especially in acoustic emission monitoring. By looking at the specific problem of wire break detection in wind turbine towers, we illustrate the problem that could arise in monitoring applications of large civil infrastructures, when the environmental noise is not negligible and a sparse network of acoustic emission sensors is desired. In this context, we show that matched filters might be a suitable alternative to the commonly applied two-stage approach of AE signal extraction and subsequent classification. Compared to a simple amplitude-based detection, the matched filter approach shows an improvement in AUC up to 0.78 for the lowest SNR. As expected, the matched filter approach shows its strength and is particular useful, when weak acoustic emissions need to be found in comparatively noisy recordings. However, it should be noted that the application of matched filters requires the availability of a suitable query signal and is therefore limited to applications, where a database of reference signals, e.g. from laboratory experiments, is available. Further, this database must be in some way comparable to the AE signals that are expected to occur on the real structure that shall be monitored. This means that not only the source signal should be similar but also the structural design of the laboratory test specimen. For the specific task of wire break detection, however, we also investigated the use of rebound hammer impacts and found that this source mechanism may be also used to generate suitable query signals. Those kinds of experiments should be rather easy and inexpensive, even when conducted on the real structure that shall be monitored afterwards.
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Figure 1. Layout of the transition piece (left) and the footing (right) of the hybrid wind turbine tower, in which the operational recordings were conducted. 
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Figure 2. Technical drawing of the large-scale test frame with four post-tensioned steel tendons (T1–T4). The design of both anchor beams is based on a hybrid wind turbine tower construction. The anchor beam with the covering steel plate is considered to be a transition piece replica, while the other side’s design is meant to be a footing replica of such a hybrid wind tower. Both, the locations of the manually conducted wire breaks for each tendon and the sensor positions are highlighted. The AE sensors [image: Acoustics 06 00011 i001]1–8 were mounted on the tendon under test itself, so that these positions changed throughout the experiments as indicated by the superscripts (T2–T4). All other sensor positions remained unchanged. In this work, the sensors without preamplification (in red) mounted at the footing and the transition piece replica are in the focus of research. 
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Figure 3. Toy example of a matched filter that detects a signal buried in noise. Subfigure (a) shows the query signal (an exponentially decaying sine wave with a frequency of   f = 10   kHz), the signal in (b) is white noise drawn from a gaussian distribution   N ( 0 , 1 )   with the query signal embedded at T = 800 ms (red shaded area). From (c), it becomes apparent how the cross correlation of (a,b) results in a signal with significantly higher SNR than signal (b), which allows for simpler detection. 
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Figure 4. An exemplary AE event with several parameters typically used to configure the acquisition process of commercial AE systems with user-defined amplitude thresholds   T  A E   . 






Figure 4. An exemplary AE event with several parameters typically used to configure the acquisition process of commercial AE systems with user-defined amplitude thresholds   T  A E   .



[image: Acoustics 06 00011 g004]







[image: Acoustics 06 00011 g005] 





Figure 5. Example of a wire break signal from the laboratory experiments (Section 2.1.2) in an exemplary noise measurement recorded in the operating wind turbine (Section 2.1.1). The wire break signal is scaled to obtain the desired signal-to-noise ratios of (a) 10 dB, (b) 5 dB, (c) 2 dB and (d) 0 dB. 
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Figure 6. Distribution of max. amplitudes [dB] recorded on the outer most sensors on (a) the footing replica (sensor [image: Acoustics 06 00011 i001]13) and (b) the transition piece replica (sensor [image: Acoustics 06 00011 i001]24). The abscissa of the boxplots denotes, on which tendon the wire breaks were conducted. From left to right, the distance between wire break source and the anchor beam as well as the distance of the sensor to the anchor point of the tendon under test increases (see also Figure 2). The dotted lines and shaded areas indicate the mean noise amplitude and the 2 σ  confidence interval (assuming normally distributed noise) from Table 2, respectively. 
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Figure 7. Selected query signals from (a,b) laboratory wire break experiments and (c,d) rebound hammer tests at the test rig using the   arg  max  - (best) and the   arg  min  -function (worst). 
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Figure 8. ROC curves for (a) amplitude-based detection and a (b–e) matched filter approach using four different query signals (from Figure 7) generated by wire break events (WB) and rebound hammer impact tests (RH). Linecolors and -styles indicate results for different signal-to-noise ratios. For a more detailed quantitative comparison of the results, we refer to Table 3. 
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Table 1. Amplitude attenuation for signals of sensor [image: Acoustics 06 00011 i001]24 during the laboratory experiments on Tendon T1–T3.  μ  and  σ  denote the arithmetic mean and the standard deviation, respectively.
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48.6

	
−8.3

	
15.4

	
4.9











 





Table 2. Max. Amplitude evaluated for 1s-intervals of operational recordings over a period of one week.  μ  and  σ  denote the arithmetic mean and the standard deviation, respectively.
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Table 3. AUC scores for matched filter approach (MF) using different query signals (Table 3a–d) are compared with an amplitude-based detection (Amp) for different signal-to-noise ratios.
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