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Abstract 

 

Low velocity impacts represent a major concern for aeronautical structures, in particular 

when composite materials are considered, due to the potential occurrence of barely visible 

impact damages, which could increase the operation risk in safety critical applications. 

This type of damage is difficult to be found during maintenance, thus the development of 

an automated system able to characterize the impact event is desired. It is known that 

impulsive loads, such as those due to low velocity impacts, generate elastic waves in solid 

materials, thus a viable solution for impact monitoring leverages on a passive sensor 

network for strain wave acquisition and a feature extraction and data processing algorithm 

for signal interpretation. However, the elastic wave is influenced by the stiffness of the 

impacting object and this aspect could severely hamper the procedure for feature 

extraction and, above all, could modify the signal feature dependence on impact 

parameters (such as position and energy). 

This work deals with the problem of evaluating the Time Of Arrival (TOA) of strain 

waves generated by low velocity impacts, under different impactor stiffness. The waves 

have been acquired by means of three passive sensor networks (e.g. piezoelectric sensors, 

Fiber Bragg Grating sensors and Fiber Optical Coherent sensors). The impact events have 

been executed using an impulse hammer, equipped with different tips to reproduce 

different impactor stiffness. A glass-fiber composite panel has been tested. The effect of 

different impacting materials on the TOA assessment is firstly investigated for different 

sensor technologies; then, the acquired signals have been filtered to provide a more robust 

evaluation of the TOA, regardless of the considered hammer tip stiffness. 

 

1.  Introduction 
 

During the last decades, Structural Health Monitoring (SHM) systems have become 

always more attractive for the enhancement of the structure performances and the 

reduction of the maintenance costs. Therefore, the development of SHM systems has 
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spread in different areas of application, i.e. aviation and aerospace, military applications, 

civil infrastructures, wind power generation, etc. (1,2). Focusing on the aeronautical field, 

a complete SHM system can be considered composed of different sub-systems, each one 

dedicated to one or more specific phenomena compromising the health of the structure. 

A major concern is foreign object low-velocity impacts (LVI), especially for composite 

structures. In fact, LVI can cause weakening due to the generation of Barely Visible 

Impact Damages (BVID), which are difficultly identifiable; thus, the development of an 

Impact Monitoring (IM) system able to detect and identify the impact event (3,4) is 

required.  

It is known from the theory that impulsive loads generate elastic waves in solid materials 

(5,6); those waves have a dispersive behaviour and are the basis for passive IM. In fact, 

they can be acquired using sensor networks installed on the impacted structure; the ability 

to acquire the strain wave is of primary importance and different sensor technologies can 

be adopted: strain gauges (7), accelerometers (8), piezoelectric sensors (9), optical fibre 

sensors (10), just to mention a few of them. However, the ability to acquire the dynamic 

strain waves only is not sufficient to fully characterize the impact event and signal 

processing techniques are necessary; several identification methods have been proposed, 

mainly based on trigonometric techniques, model-based techniques and machine learning 

methods (3,11). Nevertheless, not only the structure response but also the shape of the 

impactor (12,13) and its stiffness play key roles (14) during impact. In fact, the impactor 

stiffness is responsible of the strain wave generation, exciting a specific frequency range. 

This represents a big issue for the development of a robust IM system, as it hampers the 

identification of robust features which can reliably characterise the impact event, e.g. in 

terms of its position and energy. In literature, few works deal with the problem of adopting 

different impactor stiffness during the tests (15,16) and the difficulties in analysing impact 

events caused by different impactor stiffness is highlighted. 

To this aim, this work investigates the effect of different impactor stiffness on a signal 

feature characterising the LVI event, including different sensor technologies. The selected 

feature is the Time of Arrival (TOA), consisting on the time at which the strain wave 

generated by the impact event reaches the sensor position and representing a typical 

feature used for impact localisation. The tests have been executed impacting a glass-fibre 

composite panel with an impact hammer equipped with different tips, to reproduce the 

effect of different impactor stiffness. The strain waves have been acquired using three 

different sensor networks: a piezoelectric (PZT) sensors network, a Fibre Bragg Grating 

(FBG) sensor network and a Fibre Optical Coherent (FOC) sensor network. The acquired 

signals are then used to define a signal processing parameter, used for the robust 

extraction of the desired feature (i.e. TOA). The objective is first to show that different 

impactor stiffness cause different TOA, potentially hampering impact identification. 

Then, a method to remove the effect of the different impactor stiffness is shown, further 

extended for an automated processing. 

The structure of the paper is as follow: the experimental setup and the test execution are 

described in Section 2. The procedure for feature extraction is reported in Section 3. The 

results are graphed and discussed in Section 4, for three sensor technologies. A conclusive 

section is finally provided. 
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2.  Experimental setup 
 

The system architecture used for the tests comprises the specimen, the sensors, the 

impulse hammer and the acquisition system, as illustrated in Figure 1. 

 

  
          (a)           (b) 

Figure 1. Experimental setup: (a) specimen with sensors (PZT in red, FBG in blue and FOC in 

green) and impact positions (yellow dots); (b) acquisition system 

 

2.1 Specimen 

 

The specimen is a quasi-isotropic glass-fibre reinforced composite panel, having 

dimension 400x400 mm, thickness 2.3mm and stacking sequence [0/45/90/-45]2S. Each 

unidirectional lamina is constituted by a resin system E720 by TenCate®, reinforced with 

glass fibres UD E-glass 200gsm 30% weight; the mechanical properties are summarised 

in Table 1, where E, G, ν and ρ are the axial and shear stiffness, the Poisson’s ratio and 

the density, respectively. A grid has been drawn in a squared 200x200mm area on the 

panel, each grid intersection representing one of the 32 impact positions (Figure 1a). 

 
Table 1. Engineering constants of unidirectional lamina �11 [���] �22 [���] �12 [���] �12 �23 � [��/�2] 

38.6 8.27 4.14 0.26 0.45 1800 

 

2.2 Sensors and Impulse hammer 

 

Three sensor networks have been adopted, the first constituted of 3 PZT sensors, the 

second of 3 FBG sensors and the third one composed of 3 FOC sensors. The PZT sensors 

are simple cylindrical elements produced in PIC255 material by PI Ceramic GmbH; the 

FBG sensors are low bend loss fibre optical sensors produced using the draw tower 

technique by FBGS®. Finally, FOC sensors exploit standard single mode base fibres 

(Corning SMF-28), with a 250µm coating. 

The PZT sensors have been glued on the panel, at the vertices of the 200x200mm squared 

area; FBG and FOC sensors instead, have been attached close to the PZT position and 

radially oriented with respect to the centre of the panel. 

The adopted impulse hammer is a PCB 086C03. Four tips have been used to represent 

different impacting materials: a steel tip (PCB 084B03), a Teflon tip (PCB 084B04), a 
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hard rubber tip (PCB 084C05) and a soft rubber tip (PCB 084C11). The 32 impact 

positions have been impacted once with each tip. 

 

2.2 Acquisition system 

 

The acquisition system is composed of different devices: the hammer signals are acquired 

with a NI 9234 produced by National Instruments® while The PZT signals are acquired 

with a NI 9229; both are installed into a NI cDAQ 9178 and the acquisition frequency is 

equal to 50kHz. The cDAQ is connected via USB to a laptop and the data are stored using 

the NI SignalExpress software. The FBG optical signals are processed with the FB4500 

interrogator produced by Optical Sensing Technologies; it is a custom 0-500kHz fast FBG 

interrogator which works with a broadband light source and tunable optical filters. The 

output of the interrogator is acquired at 1MHz with a PicoScope® 2000 Series 

oscilloscope and is sent to the laptop via USB and stored using the PicoScope 6 software. 

The optical signals of the FOCs are acquired with a system based on a phase-diversity 

coherent detection scheme, which working principle is described in (17). The output 

signals from the coherent receivers are acquired at 125kHz by a NI USB-6341, connected 

to the laptop via USB and post-processed using the NI LabView software. 

The described system configuration is illustrated in Figure 1b. The signals of all the 

sensors have been acquired for each impact, thus collecting a total amount of 384 signals 

per each sensor network, having length 1s. The total acquisition time comprises a pre-

trigger time of 0.2s. 

 

3.  Feature extraction 
 

The objective of the feature extraction procedure is to evaluate a parameter representative 

of the impact event, specifically the Time of Arrival (TOA) of the elastic wave to the 

sensors position. Figure 2a shows a comparison of the acquired signals for the three 

different sensor technologies, at the same sensor position. During the very first instants 

when the strain wave reaches the sensor, the signals contain many oscillations which 

hamper the TOA identification. Hence, a low-pass filter has been applied to the signals 

to remove the higher frequency oscillations; common practise rules suggest considering 

as the highest observable phenomena frequency 1/10 of the acquisition frequency, 

especially for impulsive events (18). Thus, it has been chosen as reference the lowest 

acquisition system, able to reach a frequency of 50kHz, allowing to set the low pass filter 

cut-off frequency to 5kHz. 

 

 
(a)                                                    (b)                                                     (c) 

Figure 2. Sensors signal comparison after the application of the different cut-off frequencies: 

(a) 5000 Hz, (b) 2000 Hz, (c) ffilt 
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3.1 Signals filtering 

 

Although the original impact signals have been low-pass filtered (cut-off frequency 

5kHz) in relation with the acquisition system characteristics, considering that the impacts 

have been induced by an impulse hammer, a cut-off frequency equal to the highest 

excitable by the hammer is also tested for comparison. For an impact hammer as the one 

used during the tests, the maximum frequency reachable could be considered equal to 

2kHz (19).  

Furthermore, a third set of cut-off frequencies is considered based on the sensor signals, 

separately for the PZT sensors, the FBG sensors and the FOC sensors. In this case, the 

procedure for the identification of the cut-off frequency, hereafter referred to as �����, 
starts with the evaluation of the Power Spectral Density (PSD) of the acquired signals for 

each sensor, for each impact and each hammer tip. Then, �−10��,� is found as the limit 

frequency indicating the 90% of the energy content of the signal, where the PSD reached 

a value 10 dB lower than the maximum value, Figure 3a (20,21), with i indicating the i-

th signal. A Probability Density Function (PDF) is estimated with the �−10��,� 384 limit -

10dB frequencies collected for each sensor technology, and its Cumulative Density 

Function (CDF) is used to select the cut-off frequency �����, separately for each sensor 

technology, �����corresponding to the 95% of the CDF (Figure 3b).  

A comparison of the three different filtering procedures is shown in Figure 2. 

 

 
(a)                                                                               (b) 

Figure 3. -10 dB extraction procedure (a) and ffilt selection (b) 

 

3.2 Visual approach 

 

A visual approach is first adopted for TOA identification. In fact, a correct TOA 

evaluation requires selection of “similar” oscillations, i.e. the same wave packet, from the 

sensor network, which is not trivial due to the presence of many different wave reflections 

at the boundary of the specimen (Figure 2). In this context, the visual approach assures 

the correct signal sequence accuracy, for comparison with the automated approach 

described later.  

Considering a network composed by three sensors, like in Figure 1, the first clear signal 

valley is considered for the identification of the three TOA, as shown in Figure 4a. In 

absence of a trigger for the impact event, the relative difference in time between the TOA 
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of the first sensor reached by the propagating wave and the other two TOA is considered, ∆�, calculated as: 

 
 ∆��,12 = ����,2 − ����,1 ∆��,13 = ����,3 − ����,1 

(1) 

 

Where j indicates the j-th impact event. Similarly, indicating as dj the wave travelling 

distance between the j-th impact position and a generic sensor, the ∆�� parameter 

represents the relative difference of travelling distances for two sensors, specifically 

calculated as: 

 
 ∆��,12 = ��2 − ��1 = ���� − �2�2 + ��� − �2�2 −���� − �1�2 + ��� − �1�2 ∆��,13 = ��3 − ��1 = ���� − �3�2 + ��� − �3�2 −���� − �1�2 + ��� − �1�2 

(2) 

 

where �� and �� are the coordinates of the j-th impact position, while �1, �2, �3 and �1, �2, �3 are the coordinates of the sensor positions. 

Two pairs [∆�,∆�]� are obtained for each j-th impact and a linear regression fitting is 

performed on the results; the slope of the linear regression indicates the wave propagation 

velocity on the panel. The procedure is repeated for each hammer tip, sensor network and 

cut-off frequency configurations.  

 

 
(a)                                                                               (b) 

Figure 4. Visual (a) and automated (b) TOA evaluation 

 

3.4 Automated approach 

 

The automated evaluation of the TOA is performed using a dedicated algorithm, which 

simply requires the setting of a threshold value; the wave is supposed detected when the 

normalized sensor signal crosses the threshold (Figure 4b). The threshold choice is not 

trivial as different impacting materials generate signals with different amplitudes and 

frequency contents; therefore, if the threshold value is not set properly, points related to 

different wave packets are selected thus affecting the TOA identification. To determine a 

suitable threshold, the signals have been normalized and the [-1,1] threshold range is then 

scanned with resolution 0.01. For each threshold value, an objective function ��ℎ is 
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calculated as the weighted sum between the number of correct detected sequences ����, 

the fitting parameter �2 and the number of regression outliers ����, identified as the pairs 
[∆�,∆�] falling outside the ±3�-band: 

 
 ��ℎ = ���� ��������,��� + ��2�2 + ���� �1 − ��������,���� (3) 

 

where ����,��� is the number of total sequences for each analysed case (i.e. the number of 

impacts, 32), ����,��� is the maximum possible number of outliers (i.e. corresponding to 

the number of [∆�,∆�] pairs, 64) and ����, ��2, ���� are weight factors for the number 

of correct sequences, �2 value and number of outliers, respectively. These weights are a 

choice of the designer and have been set equal to 0.6, 0.2 and 0.2 for ����, ��2 and ����, 
respectively. In particular, ���� is the higher to highlight the relevance of arrival 

sequences accuracy with respect to the other parameters when using TOA for impact 

localisation. Figure 5a shows an example of results for the threshold analysis in the range 

[-1,1]: the plots are related to the calculated values of �2 (Figure 5a top), ���� (Figure 5a 

centre) and ���� (Figure 5a bottom).  

The procedure is repeated for all the tips, all the sensor networks and applying, and only 

when the ����� cut-off frequency is applied. The most suitable threshold value is selected 

as the one corresponding to the highest value of ��ℎ,���, which is the sum of the ��ℎ 

calculated for each tip (Figure 5b). A different threshold value is calculated for each 

sensor network technology. 

 

  
(a)                                                                               (b) 

Figure 5. Parameter evaluation, varying the threshold (a) and threshold selection (b) for automated 

TOA calculation 

 

4.  Results 
 

The results obtained using the visual approach are graphed in [∆�,∆�] plots, for the PZT 

in Section 4.1, the FBG in Section 4.2, the FOC in Section 4.3; finally, the results for the 

automated approach are shown in Section 4.4. 
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4.1 PZT - Visual approach 

 

Figures 6a-c show the results for the PZT network, using the visual approach to evaluate 

the TOA, with the 5000Hz, 2000Hz and ����� cut-off frequencies, respectively. Figure 6a 

shows the results for the higher cut-off frequency; in this case, the influence of the 

impactor stiffness is present, resulting in different linear regression curves, each one 

referred to a different hammer tip. The linear regression slopes are representative of the 

strain wave velocity; indeed, it is possible to state that the stiffest tip (i.e. steel) generates 

strain waves which are faster than the waves generated by the softer tip (i.e. soft rubber 

tip), due to the excitation of higher frequencies. This is in agreement with the dispersive 

behaviour of wave propagation in plates. 

The 2000Hz cut-off frequency is applied in Figure 6b. Neglecting the contribution of the 

frequency range 2000-5000Hz, more similar regression slopes are obtained and with a 

lower slope; however, it is still possible to distinguish different wave velocities for the 

different hammer tips. The result of having lower slopes is related to the lower cut-off 

frequency; the very first oscillations appreciable with the 5000Hz cut-off frequency, are 

now reduced in amplitude and no more recognizable during the TOA evaluation. This 

effect is clearly visible observing the harder tip slope, which is now approaching the softer 

tip slope value. 

Passing to Figure 6c, the ����� cut-off frequency calculated for the PZT (i.e. 813 Hz) is 

used in the signal processing procedure; the slope reduction and the similarity between 

the regression lines for different hammer tip stiffness is now increased. The latter aspect, 

in particular, can be exploited for a robust selection of the TOA, always referring to the 

same wave packet, independently of the considered hammer tip. 

 

4.2 FBG - Visual approach 

 

Figures 6d-f show the results for the FBG sensors, using the visual approach to evaluate 

the TOA, with the 5000Hz, 2000Hz and ����� cut-off frequencies, respectively. 

Considering Figure 6d, as for the PZT case, also for the FBG sensors, different linear 

regression curves are obtained for different impactor stiffness when the higher cut-off 

frequency is adopted. Comparing the FBG with the PZT results in Figure 6a, it is possible 

to observe that the FBG curve slopes are lower, and the steel and teflon tips are 

superposed. This effect could be caused by the different type of measure by the FBG 

sensors, having the highest sensitivity along the fibre axis (22), differently from the PZT 

sensors which are sensitive radially and in the out of plane direction. For these reasons, 

the PZT sensors appears to be more sensitive to the travelling strain wave and, as a 

consequence, more prone to acquire faster wave packets. 

Considering Figures 6e-f, the same considerations previously made for the PZT signals 

are valid. We remark that a different cut-off frequency ����� is calculated for the FBG 

signals, i.e. 488 Hz. 

 

4.3 FOC - Visual approach 

 

Figure 6g-i shows the results for the FOC sensors, again based on the visual approach to 

evaluate the TOA, with the 5000Hz, 2000Hz and ����� cut-off frequencies, respectively. 

Figure 6g shows the results for the higher cut-off frequency; as for the PZT and FBG 

cases, also FOC sensors are able to catch the fastest waves generated by the harder tips; 
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differences in the slopes of linear regression curves are obtained as a function of the 

hammer tip stiffness, then mitigated when applying lower cut-off frequencies in Figures 

6h-i. Specifically, ����� is set to 776Hz.    

It can be observed in Figure 6g that the regression fittings for the two harder and the two 

softer tips match. Moreover, the soft rubber tip is unexpectedly associated to higher strain 

wave velocity than the hard rubber tip. This effect, not present for the PZT and the FBG 

sensors, can be caused by a lower FOC sensitivity with respect to PZT and FBG, which 

makes the acquisition more dependent on the bonding layer. 

 

 
(a)                                                    (b)                                                     (c) 

 
(d)                                                    (e)                                                     (f) 

 
(g)                                                    (h)                                                     (i) 

Figure 6. Resulting Δd-Δt plots for PZT sensor network (a-c), FBG sensor network (d-f) and FOC 

sensor network (g--i), using the 5000 Hz (a-d-g), 2000 Hz (b-e-h) and ffilt (c-f-i) cut-off frequencies 

for the visual approach calculation of the TOA 

 

4.4 Automated approach 

 

Figure 7 shows the [∆�,∆�] plots, for the PZT, FBG and FOC sensor networks using the 

automated approach for the TOA evaluation, specifically when the signals are filtered 

based on the ����� cut-off frequency. The threshold parameter for the automated approach 

operation has been chosen as explained in Section 3.4, for the three sensor networks 

separately. The effect of using an automated approach for TOA identification is evident 

comparing Figure 7a with Figure 6c, for the PZT sensors. Similar results have been 

obtained as before, except for the impacts with the softer tip, for which a sensibly slower 
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wave packet velocity is found, although associated with the correct sequence of arrivals 

at sensor positions.  

Comparing Figure 7b with Figure 6f, the application of the automated approach for TOA 

identification on the FBG signals affects the resulting slopes to a less extent.  

Finally, Figure 7c shows the results for the FOC signal; in this case, the automated 

approach provided very consistent results for the signals related to the two stiffer tips, 

while a sensibly different regression slope is obtained adopting the two softer hammer 

tips. However, the results could be considered consistent with what has been observed in 

the visual approach (Figure 6i). 

 

 
(a)                                                    (b)                                                     (c) 

Figure 7. Resulting [��,��] plots for PZT sensor network (a), FBG sensor network (b) and FOC 

sensor network (c), using the automated approach for the calculation of the TOA 
 

5.  Conclusions 
 

This study deals with the identification of the time of arrival of strain waves generated by 

impact events in presence of different and unknown impactor stiffness. The elastic waves 

have been generated on a glass-fibre plate using an impact hammer and acquired by 

means of three passive sensor networks (i.e. PZT, FBG and FOC). Different hammer tips 

have been adopted to reproduce different impactor stiffness. A signal filtering procedure 

is defined and its parameters calculated (i.e. the cut-off frequency); finally, the TOA 

feature is calculated with a visual approach and with an automated approach, using the 

original signals and the ones post-processed with the filters. 

The experiment shows the higher frequency contributions acquired by the sensors hamper 

the calculation of the TOA and filtering is necessary to mitigate the influence of different 

impactor stiffness. Three different cut-off frequencies have been applied to the signals 

prior to the TOA identification, considering (i) the limit of the acquisition system, (ii) the 

excitation capability of the hammer and (iii) a statistical representation of the power 

spectral density of the signals.  

When the TOA are visually identified and a linear regression plot is constructed to 

identify wave velocity, results show that different TOA are obtained as a function of the 

impactor stiffness if a not sufficient filtration is provided. In particular, when the cut-off 

frequency of the filter is estimated based on the power spectral density of the signal, this 

allows to remove the effect of different impacting materials on the estimation of the strain 

wave velocity, thus it enables a robust TOA assessment. 

An automated approach is then applied for TOA identification, based on the definition of 

an optimised threshold. This is used to verify the applicability of the passive impact 

identification in an automated framework when the stiffness of the impactor is an 

unknown variable. The obtained results are consistent with those relative to the visual 

approach. However, some problems arise for the automated approach when dealing with 
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softer impactors due to the relatively low signal amplitude, which makes the threshold 

selection more difficult. 

Further detailed studies are required for the definition of an automated detection of impact 

events, which could be of fundamental importance for the development of a reliable 

automated Impact Monitoring system. 
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