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Abstract

:

Acoustic emission (AE) was monitored during stress intensity factor (SIF)-controlled high-cycle fatigue (HCF) tests on an aluminum 2024-T3 specimen with a fatigue crack growing at its center. The SIF control was implemented in such a manner that crack growth could be slowed down and even inhibited while the fatigue experiment continued. In the beginning, a specific type of AE signal was observed while the crack was allowed to grow to up to approximately 9.4 mm in length. Subsequently, the load was reduced in order to control the SIF value at the crack tip and to inhibit the crack growth. AE signals were recorded even when the crack stopped growing, although the specific signature of these AE signals was different from those observed when the crack was growing, as discussed in the text. The gist of the phenomenon reported in this article is that strong AE signals could still be observed even when the crack stopped growing. These latter AE signals could be due to rubbing and clapping of the crack faying surfaces. Travel analysis was consistently performed to ensure that these AE signals were originating from the crack, though not necessarily from the crack tip. In addition, absorbing clay wave dams were built around the crack region to inhibit boundary reflections and grip noise. Fast Fourier Transform (FFT) and Choi–Williams Transform (CWT) analysis were performed to classify the AE signals. It was observed that the AE signals related to crack growth were clearly different from the AE signals originating from the crack while the crack was not growing. Strong S0-mode Lamb wave components were observed in the crack-growth AE signals, whereas strong A0-mode Lamb wave components dominated the non-crack-growth AE signals. Pearson correlation clustering analysis was performed to compare the crack-growth and non-crack growth AE signals. We propose that the fatigue-crack faying surfaces may undergo rubbing and/or clapping during fatigue cyclic loading and thus produce strong AE signals that are registered by the AE system as hits, although the crack is not actually growing. The understanding of this phenomenon is very important for the design of the structural health monitoring (SHM) system based on AE-hit signal capture and interpretation.
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1. Introduction


The growing number of aging engineering structures and the variable working conditions demand more from the scientific community for a staunch and scrupulous technology for health monitoring purposes. The AE analysis method is a well-known structural health monitoring (SHM) and non-destructive testing (NDT) technique. The AE analysis method has been commonly used as passive sensing of signals during a damaging process. However, AE analysis has also been used in active mode by actively inducing AE into the structure and analyzing its scattering characteristics. The AE method principle is the detection of elastic waves originating from a damage or energy release process. The damage or energy release process in metallic structures is crack propagation, plastic deformation [1], impact hit, rubbing/clapping of an existing crack surface, etc. The elastic waves generated due to the AE source in the ultrasound band are sensed using AE sensors. If properly designed, such SHM systems can allow more endurance to the engineering structures. A passive AE-SHM system integrated with an active SHM inspection system is the best solution for an ideal health monitoring system. Offshore wind turbines, aircrafts, bridges, naval structures, etc., will receive the most benefit of such SHM systems since their maintenance downtime represents a large part of their operating cost.



The AE technique has been used for damage detection and source localization of fatigue crack growth in metallic structures. The AE method is a passive, wave-propagation-based SHM method for in situ monitoring. The study of acoustic emission during a fatigue crack-growth event has attracted many researchers over time. Many researchers have studied the AE due to fatigue crack growth as well as wave scattering from fatigue cracks [2,3,4,5,6,7]. Zhang et al. [1] studied the acoustic emission signatures of fatigue damages in an idealized bevel gear spline and identified two different AE signal signatures for plastic deformation and crack jump. Bhuiyan et al. [8,9,10] studied the AE signal signatures recorded by PWAS transducers during a fatigue crack growth experiment in thin metallic plates. In this research, under a slow frequency of fatigue loading (<0.25 Hz), for a short advancement of crack length, the AE signals were recorded, and eight signal signatures were discovered related to crack growth and crack rubbing and clapping. Hamstad and McColskey [11] studied the detectability of slow crack growth AE in a fatigue experiment. In this research, a 0.3 Hz cyclic fatigue loading was applied on 1-inch-thick steel and aluminum specimens. The experiment was performed by controlling the crack growth rate by maintaining a fixed range of stress intensity factor (ΔK) with fixed minimum and maximum loads. This method achieved very slow fatigue crack growth rates for the 1 × 10−4 mm/cycle and 1 × 10−3 mm/cycle. Four resonant sensors and four wideband sensors were used for recording AE signals. Through waveform inspection, crack events were separated from the grip events. It was found that the use of wideband sensors can enhance the ability to make the necessary distinction of AE signals during a fatigue experiment. The manuscript has been updated with the corresponding reference. Roberts and Talebzadeh [2] discussed the correlation between acoustic emission count rates and crack propagation rates. Various signal processing methodologies and clustering techniques have been used to differentiate AE signals due to various activities [12]. The correlation between crack characteristics and AE signal features has also been analyzed using different techniques [13,14,15,16]. Researchers have used the clay boundaries very effectively to prevent the reflection of waves from the plate boundaries during ultrasonic experiments. Clay boundaries have been used during the pitch-catch experiment for damping the reflections from boundaries [17]. Clay boundaries have been used for reducing reflections from AE during a low cycle fatigue experiment [8]. A FEM numerical study of providing damping at the boundaries of a plate to prevent boundary reflection was also studied [18].



The theoretical studies of AE and experiments were performed by many researchers to understand the underlying principles of AE, the source mechanism, and used those understandings for AE simulations. These studies helped to understand the AE signal signature and AE source mechanism in both theoretical and experimental perspectives. A generalized theory of AE and AE-source-mechanism representations for a half-space was developed by Ohtsu and Ono [19]. Ohtsu and Ono further continued the work by performing the simulation of tensile crack and shear crack in half-space [20]. This paper describes how significant the AE source mechanism is in forming the AE signal characteristics. Finite element modeling works performed by Hamstad, Sause, and Prosser showed how the Lamb wave propagation in plates happens due to an AE activity [21,22,23,24]. Wisner and Kontsos [25] performed direct particle observations coupled with simultaneous AE, which enabled the identification of AE features that could be related to particle fracture during cyclic loading conditions. Wisner et al. [12] performed in situ experiments to link AE signals with a particular damage mechanism. In this research, the clustering of AE signals was performed based on various source mechanisms. One of the significant scopes of the present research work is to understand the AE signals in thin metallic plates based on the source mechanisms.



The AE signal features such as duration, rise time, counts frequency contents, etc. are strongly dependent on the characteristics of the physical phenomenon that generated the AE signal [26]. Several studies have utilized AE measurements to identify the corresponding fracture mechanisms [27,28]. Time-frequency domain-based approaches and modal separation approaches were used for this purpose. AE measurement time-domain features are strongly affected by experimental conditions, whereas frequency content is not changed [29].



Many researchers used time-frequency representations of the AE signals for distinguishing the signal types. Suzuki et al. [30] used the wavelet transform for analyzing the AE signals from a longitudinal glass-fiber reinforced composite sample under tensile loading. The authors analyzed the AE signals recorded using piezo patches and classified the signals into four types using the wavelet transform method. This research performed the correlation of signal types to Mode-I fiber fracture, Mode-I matrix crack, and Mode-II disbonding. Many researchers proved the time-frequency transform technique to be a useful tool for AE signal analysis [31,32,33]. In the present paper, we have used both frequency spectrum analysis as well as time-frequency decomposition analysis of AE signals for AE signal characterization.



Various AE sensors have been used for the detection of AE signals; in particular we use R15a [34] and S9225 [35] from Physical Acoustics Corporation. R15a is a resonant sensor with a resonance frequency of 150 kHz, whereas the S9225 is a wideband sensor with a comparatively small size. Various types of resonant and wideband AE sensors are available these days. Fiber optic sensors such as fiber Bragg grating (FBG) AE sensors have high sensitivity and small size. However, the FBG sensor performance is affected by the sensor’s directional sensitivity [36,37,38]. The piezoelectric wafer active sensors (PWAS) are commonly used these days for the detection of AE signals. PWAS transducers have several excellent characteristics, such as high sensitivity and good stability [39]. In this research, two PWAS transducers and two S9225 sensors were used for the recording AE signals. These sensors were placed symmetrically on either side of the crack, one close to the crack, and the other further away.



The essence of this paper is to report and discuss the fact that strong AE-hit signals can be recorded by the AE monitoring system even when the crack stops growing. The authors had the intuition that something of importance may be there, especially that in other related work, we observed that cracks emit kHz-range AE signals when they are vibrated transversely at Hz range frequencies [40]. Those kHz-range AE signals were explained as being due to microfractures taking place during rubbing or clapping of the crack faying surfaces due to Hz-range vibration. When examining the frequency spectra or the AE signals collected in the current work, we observed that some of the spectra seem similar to those emitted by fatigue crack subjected to lateral vibration, whereas others did not. It became apparent that the signals which were similar to our previous observation reported in [40] were due to some rubbing or clapping of the crack faying surfaces during the cyclic axial loading applied in the fatigue experiment (The crack faying surfaces are not perfectly plane and clean, but inclined and with pronouncing asperities, as proven by micrographic examination). Several investigators have posited that the AE signals captured during the AE monitoring contain a wealth of information that is not properly exploited by the current AE practice which is solely based on counting “hits”. To overcome this, some authors have taken a data-driven approach and applied statistical signal processing to extract standardized signal features such as amplitude, rise time, duration, MARSE (measured area of the rectified signal envelop), counts, moments, kurtosis, “signal energy”, etc. [41,42]. The success of these methods still depends a lot on being able to discard the AE signals not related to crack growth. The differentiation of propagating crack AE signal and non-crack growth AE signal is very important for understanding if the AE signal generated is due to crack growth or not. This differentiation has long term future advantages of identifying crack length from the AE signals. The present research has differentiated the AE signals related to crack growth and crack rubbing/clapping. The crack rubbing/clapping AE signals were generated even without crack growth. However, the crack-growth-related AE signals were observed when a crack growth happened. Therefore, the identification of non-crack growth fatigue crack rubbing/clapping signals is important for understanding if there is a crack growth happened or not from the signal signatures. To achieve this type of measurements, we developed a SIF-controlled fatigue-testing methodology that was applied here to control and even inhibit the crack growth after a certain crack length was attained. Consistent AE monitoring was implemented throughout the experiment. Post-processing of the recorded AE signals, performed with Fast Fourier Transform and Choi–Williams transform, revealed clear differences between the AE signals recorded during crack growth and the AE signals recorded later in the experiment when the crack was no longer growing. The article is organized as follows: the experimental setup of the fatigue AE experiment is presented in Section 2, which describes the specimen preparation, sensor instrumentation, and AE experimental setup. In this section, the novel concept of the SIF-controlled AE experiment is also described. Section 3 contains the AE experiment results and discussions. The results of the novel SIF-controlled AE experiment and its interpretation are presented in Section 3.2. This paper ends with a summary, conclusions, and suggestions for further work.




2. Experimental Set-Up


2.1. Specimen Preparation


An AE experimental specimen was designed for capturing AE during crack growth in thin metallic plates. Aluminum 2024-T3, a commonly used aircraft material, was chosen for preparing the test specimens. From a large plate of aluminum 2024-T3, coupons of 103 mm width, 305 mm length and 1 mm thickness were machined using the shear metal cutting machine. Specimens were sufficiently wide enough to allow a long crack form in the specimen. Fatigue cyclic loading was performed on the specimen by applying fatigue load ranging from 13.85–1.38 kN at 10 Hz. A fatigue crack was originated from the hole due to the continuous fatigue loading. The tip-to-tip crack length was 4 mm at 322 kcycles of fatigue loading. When the crack initiation happened, the specimen was taken out of the MTS machine. The sensors were installed, and a non-reflective clay boundary (NRB) was implemented on the specimen. The NRB was applied to the specimen to prevent AE signal reflections from the plate boundaries and thus to receive reflection-free, clean AE signals. After the AE sensor and NRB implementation on the specimen (Figure 1), the crack had grown by an additional 5.4 mm (until the crack length reached 9.4 mm tip to tip), simultaneously capturing the AE signals. The specimen’s wide geometry was desired for this work so that the acoustic waves generated would travel a longer distance to the edges. This hypothesis, in turn, means the signals die out after reflection from the boundaries due to geometric spreading and material damping before reaching the sensors. The properties of Al 2024-T3 were: modulus of elasticity 73 GPa, density 2767 kg/m3, and Poisson’s ratio 0.33.




2.2. Sensor Instrumentation for AE Recording


Two PWAS sensors and two S9225 sensors were bonded to the aluminum specimen. PWAS sensors were bonded at a distance of 6 mm and 25 mm from the crack in a linear configuration. S9225 sensors were bonded to the specimen at 6 mm and 25 mm from the crack in the opposite direction to the PWAS sensors. The specimen bonded with sensors is presented in Figure 1 and Figure 2. PWAS sensors were bonded using M-Bond AE-15 adhesive. This adhesive is appropriate for bonding PWAS because it is resilient to the dis-bonding of PWAS during extended durations of cyclic loading. M-Bond AE-15 is an epoxy system with two components, a resin, and a curing agent. The resin and curing agent were mixed in a specific proportion and stirred for 5 min. This mixture was used to bond the PWAS to the specimen. The PWAS was bonded to the specimen using the mixture and cured for 3 h at 600 C as recommended by the epoxy manufacturer. The capacitance of the PWAS was measured before bonding and after bonding. The capacitance values made sure that the PWAS and the bonding to the specimen were defect-free. The two S9225 sensors were bonded to the specimen using hot glue. A drop of hot glue was applied to the specimen using a heat gun, and the sensors were placed on the drop with the application of thumb pressure. The thumb pressure was applied continuously until the hot glue was cured.



2.2.1. PWAS Transducers


Piezoelectric wafer active sensors (PWAS) are inexpensive, lightweight, small, and unobtrusive transducers that work on the piezoelectric principle. PWAS are available in different geometries and dimensions. They can be permanently bonded to a structure to transmit and receive guided waves. The PWAS transducer couples the electrical and mechanical effects. The PWAS sensing mechanism is presented in Figure 3. The PWAS senses the in-plane and out-of-plane wave motions through sensing the in-plane strain. The sensing equation of a PWAS transducer in tensor notation is written as follows:


     Electric   field   at   PWAS ,     E i  = −  g  i k l    σ  k l   +  β  i k  T   D k       Strain   at   PWAS ,     S  i j   =  s  i j k l  D   σ  k l   +  g  k i j    D k     



(1)




where Ei is the electric field at PWAS, Sij is the strain at PWAS, Dk is the electric displacement, gikl is the piezoelectric voltage coefficient, σkl is the stress on the PWAS, βTik is the impermittivity coefficient, sDijkl is the compliance. The method of operation of the PWAS transducer element depends on the polarization of the PZT (lead-zirconate-titanate) during the manufacturing process. In this research, the PWAS transducer of 7 mm diameter and 0.5 mm thickness, polarized in d31 operation mode, was used for AE sensing. Such a polarization enables the PWAS to sense the in-plane strain (along 1-direction) and produce an electric voltage in the thickness direction (along 3-direction), E3. The response of a PWAS during AE sensing depends on the tuning of the Lamb wave on the PWAS. The experimental tuning curve (Ref. [1], p. 620) of the PWAS sensor on a 1 mm aluminum plate was generated and presented in Figure 4b. In the tuning curve of the PWAS sensor, we observe the normalized voltage response of the PWAS sensor at various frequencies. The S0 and A0 Lamb wave mode contributions in the tuning have been marked blue and red squares, respectively, in the plot. In the experimental result, a rejection point was observed for A0 mode at around 300 kHz. On the other hand, a strong response of A0 mode was observed at around 50 kHz. A strong S0 mode response was also observed at around 430 kHz. The theoretical A0 and S0 Lamb wave tuning curve [1] for 7 mm PWAS on a 1 mm aluminum plate is also presented in Figure 4b. As we observe, the experimental results are matching well with the theoretical prediction.




2.2.2. S9225 AE Sensor


A schematic of a typical AE sensor is presented in Figure 5. An AE sensor’s major components consist of a piezoelectric element, wear plate, damping material, and a case. The top electrode of the piezoelectric element is connected to the connector, and the bottom surface is grounded to the case of the AE sensor and bonded to the wear plate through an electrically conducting bond. The components of the AE sensor are secured inside the case. A couplant is used to bond the AE sensor to the specimen in which the AE measurement needs to be performed.



Acoustic emission sensors respond to dynamic motion caused by an AE event. The transducer element in the AE sensor converts mechanical movement into an electric voltage signal. In general, the commercial AE sensors measure the pressure applied on the sensor’s surface due to the velocity of the surface particle of the specimen [43]. Commonly, the transducer element is a piezoelectric crystal made from ceramic such as lead-zirconate-titanate (PZT). The transducers are sensitive to the out-of-plane motion of the acoustic wave signals [44]. AE sensors are generally classified into two broad classes based on their operating frequency: resonant and broadband. In the present experiment, we have used the S9225 AE sensor, which operates in broadband. The frequency response spectrum of S9225 sensor is presented in Figure 6.





2.3. AE Experimental Setup


After installing the sensors, the fatigue loading was continued to grow the crack and capture AE signals simultaneously. The test specimen installed with PWAS and S9225 transducers was mounted on the MTS machine (Figure 1). The experimental setup for capturing the AE signal from a fatigue crack growth event is presented in Figure 2. The bond quality assurance of PWAS sensors was performed periodically by electromechanical impedance spectroscopy (EMIS). AE signals during crack growth events were captured by using PWAS and S9225 sensors. The sensors were connected to the acoustic preamplifier. The acoustic preamplifier is a bandpass filter that filters out signals between 30 kHz and 700 kHz. Provided with 20/40/60 dB gain (can be selected using a switch), this preamplifier operates with either a single-ended or differential sensor. In the present experiment, 40 dB gain was selected. The preamplifier was connected to the MISTRAS AE system. A sampling frequency of 10 MHz was chosen to capture any high-frequency AE signals. The timing parameters set for the MISTRAS system were: peak definition time (PDT) = 200 µs, hit definition time (HDT) = 800 µs, and hit lockout time (HLT) = 1000 µs.




2.4. Electro-Mechanical Impedance Spectroscopy (EMIS) Sensor Integrity Check


The PWAS was bonded to the specimen using M-Bond AE-15. Continuous fatigue loading can cause the damage of PWAS or dis-bonding of the PWAS from the specimen. The dis-bonding of the PWAS would cause the capturing of false AE signals. To monitor the condition of PWAS during the fatigue experiment, we have used EMIS inspection periodically during cyclic fatigue loading [45]. The results of EMIS measurements are presented in Figure 7. No considerable change in EMIS measurements was observed for PWAS 1 and PWAS 2. The EMIS measurement confirmed that no false AE signals were recorded by the PWAS during the fatigue crack growth event.





3. AE Experiment Results and Discussion


3.1. SIF Controlled vs. Load-Controlled Experiment


During a fatigue fracture activity, the SIF at the crack tip is an important governing factor. In fracture mechanics, fracture and fatigue problems encountered have been characterized using the SIF, K. An increase in K at the crack tip causes an increase in net section stress ahead of the crack. Many researchers have performed experimental as well as theoretical studies on SIF at the crack tips. Digital image correlation (DIC) has been used for the measurement of SIF experimentally [46]. Many researchers have explored the empirical formulations for calculations of SIF. The crack-tip SIF solution for the finite M(T) specimen (similar to the present specimen discussed in Section 2.1) is given by Fedderson [47] as follows.


   K inf  =  σ inf    π a     sec (   π a  w  )    



(2)




where σ is the far-field stress, ‘a’ is the crack length, and ‘w’ is the width of the plate (103 mm). Many researchers have found the empirical formulation by Fedderson to be very closely matching with the experimental observations [48]. The stress intensity factor at the crack tips increases with an increase in crack length if the far field stress due to the external loading is the same, as we understand from Equation (1).



According to Paris’ law [49], the crack growth rate is proportional to the SIF excursion at the crack tips during a cyclic fatigue loading, i.e.,


    d a   d N   = C Δ  K m   



(3)




where ‘a’ is the crack length, ‘N’ is the number of fatigue cycles, ∆K is the SIF excursion during fatigue loading, and ‘C’ and ‘m’ are arbitrary constants. We can understand that the SIF increases non-linearly with crack advancement from Equation (1) for a load-controlled experiment (where the maximum and minimum load remains the same throughout the fatigue crack growth experiment). According to Equation (2), the crack growth rate also increases theoretically due to the increment in SIF. Analogously, the increment in the crack growth rate with crack advancement was observed during the fatigue experiments we have performed. A load-controlled fatigue experiment was performed on a similar specimen discussed in Section 2.1, with a cyclic fatigue load of 13.85 kN–1.38 kN (R = 0.1). The crack grew until 20 mm tip-to-tip length was achieved. The crack length, load vs. kcycles (fatigue cycle represented in kilocycles) for the load-controlled experiment is presented in Figure 8a. When the excursion in the load remained the same during the fatigue experiment, the crack length was observed to grow non-linearly. The theoretical SIF at the crack tip was calculated, which increased non-linearly with kcycles (Figure 8b). The crack growth rate calculated from the experiment is presented in Figure 8c. The crack growth rate was also observed to grow exponentially, which is congruent with the theoretical interpretations from Equations (1) and (2). In the present experiment, the SIF at the crack tip and the crack growth rate was decided to be controlled for providing a similar environment for the AE signal generation at different crack lengths. Due to the above reasons, a novel SIF-controlled fatigue experiment was developed and presented in this paper.



Equation (2) interprets that the crack growth rate is proportional to the SIF-excursion’s exponential power in the stress intensity factor (SIF) during the loading cycle. To perform a controlled-AE experiment, by controlling the crack growth rate, the stress intensity factor at the crack tips was controlled when the crack grew in the present experiment. The novel experimental methodology is named “SIF-controlled fatigue experiment.” A block diagram of the “SIF-controlled fatigue experiment” procedure is shown in Figure 9. The stress intensity factor corresponding to a load of 13.85 kN and a crack length of 2 mm tip to tip according to Equation (1) was calculated as 238 MPa√mm. The excursion in SIF (∆K) corresponding to the excursion in the load between minimum load (1.38) and maximum load (13.85 kN) (R = 0.1) was 214 MPa√mm. When the crack grows under constant load, the maximum value of SIF at the crack tips corresponding to maximum load increases with crack length. The excursion in the SIF when the load increases from minimum to maximum load also increases according to Equation (1). In the SIF controlled experiment, for the excursion in the crack-tip SIF to be controlled with the crack growth, a new load was calculated every time with a 1 mm increment in crack length to maintain the excursion in the SIF as 214 MPa√mm, by maintaining R = 0.1 for the minimum and maximum load.



The crack length vs. load plot was obtained using the protocol in Figure 9 and is presented in Figure 10. For maintaining the SIF-excursion and crack growth rate in control during the experiment, theoretically, one needs to reduce the load as the fatigue crack grows, as presented in Figure 10.



In the present experiment for AE capture, the fatigue loading was taken according to the “SIF-controlled” theory load values.




3.2. SIF Controlled Experiment AE Capture


After installing the sensors, the “SIF-controlled” fatigue loading continued to grow the crack and simultaneously capture AE signals. The fatigue crack growth experiment was continued at a frequency of 2 Hz while capturing the AE signals. The coupling of the PWAS sensor to the specimen was tested using EMIS and pencil lead break tests performed periodically. Periodic pencil lead break experiments also tested the coupling of the S9225 sensor. The fatigue loading was decreased when the crack length was progressed to control the stress intensity factor (SIF) at the crack tips and control the crack growth rate. The crack length was measured using eddy current method. The history of maximum fatigue loading applied vs. the additional number of cycles after 322 kcycles is presented in Figure 11. In this experiment, an additional 188 kcycles of fatigue loading were performed. The history of crack length measured during the fatigue experiment vs. the additional number of cycles is presented in Figure 12. From the crack length plot, one could understand that the increment in the crack length was continuously decreased, and no crack increment was observed after a certain number of cycles. From the crack length measurements, the crack growth rate was calculated and is presented in Figure 13. We observed a continuous decrement in the crack growth rate with the additional cycles after 322 kcycles. After 150 kcycles, we observed the calculated crack growth rate to be near zero.



In this experiment, the fatigue loading was applied to the specimen according to the SIF-controlled theory load values. The non-reflective clay boundaries were used on the specimen for obtaining boundary reflection-free AE signals during the experiment. The continuous decrement in the crack growth rate could be due to the extra damping caused by clay boundaries to the crack growth rate during the actual experiment. The crack growth rate was not observed to decrease in the experiment performed without clay boundaries [50]. Secondly, SIF theoretical formulation is an approximation to the specimen’s ideal case; variations in the actual experiment are possible. These could be the reasons for the crack growth rate reducing gradually to zero.



Due to the gradual reduction in the crack growth rate, the AE signals recorded consisted of signals captured during crack growth incidents below crack growth rate 0.1 mm/kcycles. The crack growth rate progressively reduced from 0.1 mm/kcycles to zero mm/kcycles as the crack grew. Such an experiment would provide the application limit of this high cycle fatigue experiment limit to a range of crack growth rates ranging from 0.1 mm/kcycles to slowly degraded to a situation where negligible crack growth happens. Towards the end of the cycles (188 additional kcycles), the crack length was stagnant from the visual inspection. The verification of the visual inspection was performed by eddy current crack length measurement. The eddy current crack length measurement was performed before 172 kcycles and after finishing 188 additional kcycles. The eddy current measurements confirmed that no crack growth happened during this phase. AE signals were still recorded during these cycles. This stagnant crack growth situation recorded the AE signals due to the rubbing/clapping of crack faying surfaces.



In short, the present experimental setup had two important advantages. (1) The present high cycle fatigue experiment was the most appropriate representation of a real high cycle fatigue experiment because the crack growth rate during the experiment was reduced from 0.1 mm/kcycles to zero mm/kcycles. (2) Distinguishing between fatigue-crack “growth”-related AE signals and fatigue-crack “rubbing/clapping” is easily possible from the experimental design. The experiment had an active crack growth stage at the beginning of the additional fatigue cycles when the fatigue-crack-growth-related AE signals were recorded. The experiment also had an inactive crack growth stage towards 172–188 additional kcycles, when the fatigue-crack “rubbing/clapping”-related AE signals were recorded.



A large number of AE hits were observed after 48 kcycles. The reason for a large number of AE signals could be due to the formation of a favorable faying surface for rubbing/clapping within the crack during 44–48 kcycles. The two surfaces on the two sides of the crack rub and clap each other when the cyclic loading happens and continuously produce AE signals after a favorable crack faying surface was formed. The majority of the crack growth happened below 48 kcycles. During 48–188 kcycles, very little crack growth occurred compared to the first additional 48 kcycles. However, a massive number of AE hits compared with the initial cycles was observed during the later cycles. This observation asserts the following conclusions. First, the crack growth and the number of AE hits observed may not be proportional to each other during a fatigue crack growth experiment. The AE hits may be due to rubbing and clapping of the crack faying surfaces, which essentially does not cause any crack growth. Secondly, AE signal signatures exist which originate from the crack growth event and crack rubbing/clapping event. The crack growth AE signature is valuable for understanding the crack growth during the fatigue experiment. Additionally, the crack rubbing/clapping signature is useful for understanding the crack’s existence, which can potentially generate due to a fatigue loading in the cracked structure or strong vibrations on the structure.



Due to the above reasons, it is vital to distinguish the AE signals recorded during the fatigue crack growth incident. Many researchers used several statistical features of the AE signals such as amplitude, energy, duration, counts, rise time, etc. for automated signal clustering and classifications [51,52,53]. In this research, we have used the frequency content study of the signals for the signal classification. Time-frequency domain separation of the signal was also performed to study the Lamb wave nature of the AE signals in thin metallic plates and understand the Lamb wave modes in the AE signals.



Figure 14 presents the fatigue crack growth rate vs. the additional fatigue cycles. The fatigue crack growth rate plot is superimposed with representative AE signal signatures received during the cyclic fatigue AE experiment. Additionally, the crack length (CL) and the additional fatigue cycle at which the AE signal was received is also presented in the figure. Based on the frequency spectrum observed, AE signals have been classified into two categories: first, the type-1 (T1) signature corresponding to a fatigue crack growth process and second, the type-2 (T2) signature corresponding to a fatigue crack rubbing/clapping process. In Figure 14, the signals which are under the T1 signal category is marked as T1 in green letters, and those under T2 is marked as T2 in blue letters. A confirmation of the T1 and T2 AE signals were originating from the crack was performed by AE source localization using the time of arrival of the signals at the sensors. The time of arrival at various sensors was analyzed for confirmation. Two PWAS sensors and two S9225 sensors were installed on the specimen (Figure 2) numbered PWAS-1, PWAS-2, S9225-1 and S9225-2, respectively. PWAS-1 and S9225-1 are the closest to the crack, at a distance of 6 mm. PWAS 2 and S9225-2 are at a distance of 25 mm from the crack. The relative time of arrival and amplitudes of T1 and T2 AE signals obtained from the MISTRAS AE system are presented in Table 1 and Table 2. The observed arrival time and arrival sequence are possible only if the AE signal origin is at the crack. This analysis confirms that the T1 and T2 AE signals originate from the crack.



Analysis of T1 and T2 AE signal signatures was performed to identify the characteristics of the signatures. The signature T1 was observed to have a broadband frequency spectrum, as we find in Figure 14. On the other hand, the signature T2 was observed to have two major peaks in the frequency spectrum (50–150 kHz and 400–500 kHz) and a valley between 200 to 400 kHz. The strength of the peak between 400–500 kHz for T2 was observed to have variations as we observe in the figure.



Signature T1 was more frequent before 44 kcycles when active crack growth was happening. The total number of T1 signatures, which were recognized from the analysis, is 17. After 44 kcycles, T2 was observed to be more frequent. Referring to Figure 14, we could understand that the majority of crack growth happened during cycles before 44 kcycles (4 to 8 mm crack growth). It is hypothesized that after 44 kcycles, a favorable crack faying surface for generation of rubbing/clapping AE signal was formed, and this produced AE signals due to rubbing/clapping even in the absence of crack growth. The number of T2 AE hits were so large that it was not of interest to count them all, at least for this initial exploratory study. In fact, in each fatigue cycles, the crack surfaces were rubbing/clapping and producing T2 AE hits. In conclusion, the T1 signature could be due to a fatigue crack growth process, and the T2 signature could be due to a fatigue crack rubbing/clapping process due to the above reasons.



To study further the characteristics of T1 and T2 signal signatures, a time-frequency analysis of the signals was performed. The Choi–Williams transform of the AE signals at PWAS 2 (25 mm from the crack) was performed for time-frequency analysis. The time-frequency plot of a T1 AE signal has been presented in Figure 15. The group velocity dispersion curve of S0 and A0 Lamb wave modes is overlapped with the time-frequency plot to identify the Lamb wave mode content in the AE signal. For the T1 signature, we observe a strong S0 Lamb wave mode content presence in the signal. The time frequency analysis of T2 signature is also presented in Figure 16. For the T2 signature, A0 Lamb wave mode content was observed to be stronger as we observe in Figure 16b. Hence, the major difference between the T1 crack growth AE and T2 crack rubbing/clapping AE is that the crack-growth-related AE has stronger S0 Lamb wave mode content, and the latter have stronger A0 Lamb wave mode content.



We have also used S9225 AE sensors for the detection of AE signals. A comparison of AE signal signatures T1 and T2 at PWAS-1 and S9225-1 are shown in Figure 17. We observe S9225 sensor responses have a strong response at the low-frequency range (30–150 kHz). The response above the 150 kHz range is found very poor.



The repeatability of the AE signals was inspected by performing another similar experiment with an identical specimen. The comparison of the T1 AE signal signature and T2 AE signal signature recorded using the specimen-1 and specimen-2 is presented in Figure 18. The signal received at PWAS 2 is also presented in the figure. We observe a fast-traveling wave packet marked with a blue oval and a slow-traveling wave packet marked with a red oval in T1 signals recorded using specimen-1 and specimen-2. The signal frequency spectrum was also observed as broadband for both T1 signals recorded using specimen-1 and specimen-2. Whereas T2 signature recorded using both specimens were observed to have only one major wave packet. Additionally, both the signals had two major peaks in the frequency spectrum: the first one at 50–150 kHz and the second one at 400–500 kHz. The results obtained from both the specimens proved the repeatability of the experiment.



Pearson Correlation Clustering (PCC) of AE Signals


During the fatigue experiment, due to fatigue crack growth and crack rubbing and clapping of crack faying surfaces, a large number of AE signals would be generated. It is a large amount of data, and an effective method for comparison of AE signals need to be developed. In this work, we have implemented the Pearson correlation coefficient (PCC) method for the characterization and clustering of the AE signals. The Pearson correlation coefficient between two continuous variables is the test statistics that measure the statistical relationship or association between two continuous variables. Since it is based on the method of covariance, it is known as the best method of measuring the association between variables of interest. It gives information about the magnitude of the association, or correlation, as well as the direction of the relationship.



A particular signal is chosen as the base signal, and all other signals are correlated to the base signal to obtain the correlation coefficient value. It is recommended to choose the strongest signal (highest amplitude signal) among the AE signals as the base signal to have a good SNR (signal to noise ratio) for the base signal. For two time-domain/ frequency domain AE signals, cross-correlation of the signals was performed to adjust the time delay between the signals. Later on, the signals were normalized before performing correlation. Using the following expression [45,54], a correlation coefficient is calculated.


  ρ  (  A , B  )  =  1  N − 1     ∑   i = 1  N   (     A i  −  μ A     σ A     )   (     B i  −  μ B     σ B     )   



(4)




where Ai = time domain signal A, Bi = time domain signal B, μA = mean of signal A, μB = mean of signal B, σA = standard deviation of signal A, and σB = standard deviation of signal B. Two separate correlation coefficients were calculated, using time domain as well as frequency domain data. Two-dimensional scatter plots of time-domain PCC vs. frequency domain PCC were constructed. A detailed flow chart of obtaining correlation coefficient is presented in Figure 19 and Figure 20.



Using the Pearson correlation method, the clustering of fatigue crack growth (T1) and fatigue crack rubbing/clapping (T2) AE signals was performed. The results of the Pearson correlation method are presented in Figure 21. Seven fatigue crack growth signals and seven fatigue crack rubbing/clapping signals (From 172–178 additional kcycles) were considered for the analysis. The signal in Figure 21b is the base signal for the correlation analysis. As we observe from the figure, two AE signal clusters were formed, first the fatigue crack growth signal cluster and second the fatigue crack rubbing/clapping signal cluster. The two clusters are separated by two ovals in Figure 21a. The fatigue crack growth signal cluster is found to be a loose cluster because the fatigue crack growth signal consists of AE signals at different crack lengths. The fatigue crack rubbing/clapping cluster is found to form a tight cluster. For the T1 cluster, the time domain correlation values of the signals were observed between 0.25 and 0.55 and the frequency correlation is observed between 0.55 and 0.8. However, for the crack rubbing/clapping signals, the time and frequency correlation values were observed between 0.9 and 1. Two representative signals from each cluster have been presented with arrow marks corresponding to the location of the signal in the Pearson correlation scatter plot. Thus, the novel statistical method has proved that the fatigue crack growth and fatigue crack rubbing/clapping signals are two groups and it is possible to distinguish them using this novel statistical method.






4. Summary and Conclusions


4.1. Summary


A new SIF-controlled HCF experimental design was proposed and performed in this manuscript for fatigue-crack AE signal identification and classification. In this novel experimental design, the SIF at the crack-tip was controlled by reducing the load with an increase in crack length. The load levels were adjusted to control the SIF at the crack tips such that the crack growth was slowed down and even inhibited at certain crack length. The load levels for the test were chosen according to the load levels calculated from the SIF theory. A continuously slowing down crack-growth-rate was observed, and the AE signals during the crack growth rate from 0.1 mm/kcycles to inhibited crack growth were recorded. The crack was allowed to grow up to 9.4 mm crack length during the experiment. AE signals were still recorded even after the crack stopped growing. The arrival time at the AE sensors ensured that the AE signals from the non-crack-growth situation were from the crack. After 172 additional fatigue cycles post fatigue crack initiation, no crack growth was observed during 16 kcycles while AE signals were still being captured. Fatigue crack rubbing/clapping AE signals were recorded from these 16 kcycles (172–188 kcycles). Further analysis of the AE signals recorded was performed by Fast Fourier Transform (FFT) and Choi–Williams Transform (CWT) analysis to classify the AE signals. We identified that the AE signals related to fatigue crack growth are different from the fatigue crack rubbing/clapping AE signals. In this study, novel Pearson correlation analysis was also used for classification and clustering of AE signals.




4.2. Conclusions


A continuously decaying fatigue crack growth rate can be achieved from the present novel experimental load design of the SIF-controlled HCF fatigue experiment. From the experimentally observed AE signals, two broad classes of AE signal signatures were identified based on the AE signal analysis. The signal signature classes were named T1 and T2. The T1 signature has a broadband characteristic in the frequency spectrum, whereas T2 has two major peaks at 50–150 kHz and 400–500 kHz and a valley at 200–400 kHz in the frequency spectrum corresponding to the A0 Lamb wave mode tuning of 7 mm PWAS on a 1 mm aluminum plate. For the T1 signature, strong S0 Lamb wave mode content was observed, whereas the T2-signature had strong A0 mode content based on the Lamb wave mode separation study performed using CWT. T1-signature AE signals were recorded frequently during the fatigue crack growth stage, and T2-signature AE signals were frequently recorded during the non-crack growth stage. No T1-signature was observed when the crack was not growing. This research identified that the T1-signature is due to the fatigue crack growth event because of the above reason. It was also identified that the non-crack growth AE signals are originating from fatigue crack rubbing/clapping during the fatigue crack cyclic loading, causing the generation of the T2 AE signal signature. Novel Pearson correlation analysis could classify the T1 and T2 signals.
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Figure 1. AE test specimen bonded with the two-PWAS and two-S9225 sensors. Non-reflective clay boundaries (NRB) were provided on the specimen to avoid the reflection of AE signals from the specimen boundaries. 
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Figure 2. Experimental setup for capturing AE signals during fatigue crack event. 
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Figure 3. PWAS sensing mechanism. PWAS senses in-plane and out-of-plane wave motions through sensing in-plane strain. 






Figure 3. PWAS sensing mechanism. PWAS senses in-plane and out-of-plane wave motions through sensing in-plane strain.



[image: Actuators 12 00093 g003]







[image: Actuators 12 00093 g004 550] 





Figure 4. The Lamb wave tuning of 7 mm round PWAS on 1 mm 2024-T3 aluminum plate: (a) experimental results; (b) theoretical prediction. 
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Figure 5. Schematic of a typical AE sensor. 
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Figure 6. Frequency response of S9225 sensor from the manufacturer. 
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Figure 7. EMIS measurement of 172 kcycles of the fatigue–crack–growth experiment. (a) EMIS measurement of PWAS 1 (b) EMIS measurement of PWAS 2. Very similar trends of EMIS spectrograms were observed during 172 kcycles. This confirmed that the PWAS bonding was in good condition during the fatigue–crack–growth experiment. 
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Figure 8. Load-controlled fatigue-experiment results: (a) fatigue kcycles vs. crack length and load; (b) fatigue kcycles vs. SIF; (c) fatigue kcycles vs. crack growth rate. 
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Figure 9. Block diagram for the SIF controlled fatigue experiment loading protocol. When the crack length increases by 1 mm, the new recalculated load was applied for fatigue crack growth. 
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Figure 10. Load prediction for the constant-SIF crack growth experiment. 
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Figure 11. The load adjustment history with fatigue cycles. 
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Figure 12. Fatigue crack growth during the experiment. 
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Figure 13. The crack growth rate calculated from the fatigue crack fitted curve. 
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Figure 14. AE signal signatures recorded using PWAS–1 during additional fatigue cycles after crack growth. The fatigue crack growth rate plot is superimposed with representative AE signal signatures received during the cyclic fatigue AE experiment. 
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Figure 15. Time-frequency analysis of T1 AE signal at PWAS–2: (a) T1 signal at PWAS–2; (b) Choi–Williams transform of the T1 signal at PWAS–2. A strong S0 Lamb wave mode was observed for the T1 signal at PWAS–2. 
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Figure 16. The time–frequency analysis of T2 AE signal at PWAS 2. (a) T2 signal at PWAS–2; (b) Choi–Williams transform of T2 signal at PWAS–2. A strong A0 Lamb wave mode content was observed for the T2 signal at PWAS–2. 
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Figure 17. Comparison of T1 and T2 signature at PWAS and S9225 sensors. (a) T1 signature at PWAS–1 and S9225–1. (b) T2 signature at PWAS and S9225. 
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Figure 18. The repeatability assessment of T1 and T2 AE signal signatures. Another specimen with the same aluminum 2024–T3 material was tested under fatigue loading and compared with the present experimental results. A close match of results was observed. (a) T1 signature in specimen 1 and specimen 2 at PWAS–2: separation of two wave packets is visible in both signals; (b) T2 signature in specimen 1 and specimen 2 at PWAS–2: only the single wave packet is visible in both signals; similar peaks and valleys are observed. 
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Figure 19. Procedure for obtaining the Pearson correlation coefficient of two time–domain signals. 






Figure 19. Procedure for obtaining the Pearson correlation coefficient of two time–domain signals.



[image: Actuators 12 00093 g019]







[image: Actuators 12 00093 g020 550] 





Figure 20. Procedure for obtaining the Pearson correlation coefficient of frequency spectra of two time-domain signals. 
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Figure 21. Clustering of fatigue crack growth (T1) and fatigue crack rubbing/clapping (T2) AE signals during fatigue experiment using the Pearson correlation method. (a) Pearson correlation plot; (b) representative signal from T2 cluster; (c) representative signal from the T1 cluster. 
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Table 1. Time of arrival and sequence of arrival of T1 AE signals at various Sensors. PWAS-1 and S9225-1 are the closest to the crack. Hence, AE signals first arrive at PWAS-1 and S9225-1. PWAS 2 and S9225-2 are at 25 mm from the crack. Hence, AE signals arrive approximately at the same time at PWAS-2 and S9225-2. This analysis confirms that AE signals are originating from the crack.






Table 1. Time of arrival and sequence of arrival of T1 AE signals at various Sensors. PWAS-1 and S9225-1 are the closest to the crack. Hence, AE signals first arrive at PWAS-1 and S9225-1. PWAS 2 and S9225-2 are at 25 mm from the crack. Hence, AE signals arrive approximately at the same time at PWAS-2 and S9225-2. This analysis confirms that AE signals are originating from the crack.










	
	Time of Arrival (TOA), µs (Relative)
	Sequence of Arrival





	PWAS 1
	32
	1



	S9225 1
	34
	2



	PWAS 2
	36
	3



	S9225 2
	37
	4
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Table 2. Time of arrival and sequence of arrival of sampe T2 AE signal at various Sensors. PWAS-1 and S9225-1 are the closest to the crack. Hence, AE signals first arrive at PWAS-1 and S9225-1 approximately at same time. PWAS 2 and S9225-2 are at 25 mm from the crack. Hence, AE signals arrive approximately at the same time at PWAS-2 and S9225-2. This analysis confirms that AE signals originate from the crack.






Table 2. Time of arrival and sequence of arrival of sampe T2 AE signal at various Sensors. PWAS-1 and S9225-1 are the closest to the crack. Hence, AE signals first arrive at PWAS-1 and S9225-1 approximately at same time. PWAS 2 and S9225-2 are at 25 mm from the crack. Hence, AE signals arrive approximately at the same time at PWAS-2 and S9225-2. This analysis confirms that AE signals originate from the crack.










	
	Time of Arrival (TOA), µs (Relative)
	Sequence of Arrival





	PWAS 1
	76
	1



	S9225 1
	78
	2



	PWAS 2
	82
	3



	S9225 2
	83
	4
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