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Abstract  

A novel feature extraction method is developed for impact localisation based on 

Artificial Neural Networks (ANNs) in sensorized composite structures subjected to 

environmental and operational conditions. Impact induced lamb waves are investigated 

for the first time for different impact scenarios (angle, mass and energy) on flat and 

curved plates under environmental (temperature range) and operational (vibration) 

conditions.  The Time of Arrival (TOA) is significantly influenced by these conditions 

hence complicating the impact localisation. To overcome this complication, a novel and 

robust TOA extraction method is proposed. It is based on Normalised Smoothed 

Envelope Threshold (NSET) coupled with a high pass filter to remove vibration noise 

prior to TOA extraction. Localisation ANNs were trained with data from a single 

baseline impact condition and were tested under impacts with varying conditions. It was 

shown that by using the proposed method for TOA extraction, the trained ANN is able 

to better predict the location of impacts compared to an ANN trained with data from 

common TOA extraction methods (detection area 0.99 – 56.08 % of sensing region 

versus 0.28 – 1.55 % for NSET). The developed method gives consistent accuracy and 

significantly reduces the required training data, making ANN based impact localisation 

more feasible for real life application. 

 

Keywords : composite materials, impact detection, neural network, environmental 

conditions, operational conditions, structural health monitoring 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



1. Introduction 

Aircraft designers establishing damage tolerance criteria for an airframe need to 

consider possible impact events during its operational service[1,2]. Operational threats 

for composite structures include bird strikes, hail, debris (stones and bolts), dropped 

tools, engine fragments and tire shrapnel[1,2]. Whilst these types of impacts result in 

easily detectable damage (dents) on an aluminium airframe, they can generate visually 

undetectable damage in composite structures which may result in eventual failure if left 

undetected[3,4]. The increased presence of composite material in modern aircraft 

structures has spurred development in impact monitoring systems[5–7] to detect such 

event without detailed inspection[1–3]. The goal of Structural Health Monitoring 

(SHM) systems is to determine the occurrence and location of damage on an aircraft 

structure via permanently mounted sensors instead of conventional inspection 

methods[8,9] leading to potential cost savings from reduced inspection (time and 

labour) and structural damage tolerance (weight) requirements[1,3]. However, there still 

remains certain challenges before SHM can be sought as a maintenance tool on board of 

an aircraft such as survivability of sensors, wires, connectors [10,11] under operational 

conditions and the reliability of the diagnostics [12,13]. 

Upon impact, dynamic strain waves known as Lamb waves are generated which 

travel across thin composite panels and can be captured using piezoelectric (PZT) 

sensors[8]. Several passive sensing techniques have been developed to locate the 

position of the impact utilizing these recorded signals. One of the first techniques 

developed is the triangulation based methods where the impact location is determined 

using the linear relation between Time of Arrival (TOA) of the wave and the relative 

distance travelled to each sensor [3,14–18]. In isotropic materials the unknowns 

(velocity, reference TOA, spatial  coordinates of impact) are equal or less than the 

number of equations for a network of 4 or more sensors and thus is directly 

solvable[14].  

However, for anisotropic composite materials the propagation velocity is a function 

of propagation direction/angle which adds more unknowns (velocity and angle for each 

sensor) such that the set of equations is not directly solvable[15–18]. Tests to obtain the 

propagation velocity profile can be done but it is extremely time consuming, if not 

impossible, for all the possible impact scenarios (due to dispersion) and search 

algorithms are still required to solve for the remaining unknowns[16]. Closely clustered 

sensor positioning has been used such that the propagation direction can be assumed to 

be the same for all sensors in the cluster for impact location distances much larger than 

the distance between sensors[15,17–19]. This reduces the unknowns to just one velocity 

and angle for each cluster to allow the impact location equations to be solved[15,18,19]. 

However, these methods are sensitive to the TOA extraction methods due to close 

proximity of the sensors (very small TOA differences)[17] and may not be applicable to 

complex structures, e.g. panels with stiffeners or cut outs[20]. 

The second group of impact location passive sensing methods are the data driven 

methods which utilize an initial reference set of wave features from known impacts to 

train an algorithm to map the said features to the impact location[3,20–26,12,27–29]. 

These methods include the database reference methods[20–25] and machine learning 

methods[3,12,26–29]. The database reference methods match the features of an impact 

wave to a database of previously known impact wave features measured at different 

impact locations/points. The impact location is determined as being near the database 



points that have the highest similarity to the incoming wave [20–25]. Afterwards, as the 

database points are discreet, interpolation is done between the database points with 

highest similarity to predict the actual impact location. The drawback of this method is 

the need to store a reference database which, depending on the selected features 

(discrete wave features or whole signal), may become very large for an actual structure 

of hundreds of components[20–25]. 

Artificial Neural Networks (ANNs) are a form of machine learning algorithm that 

are arranged in the form of a network of interconnected neurons (each a mathematical 

operation) in several layers mapping the input to the output via weighted connections 

[3,30]. A training and validation data set (known input and output) is used to train these 

weights such that the neuron connections best fit the training data. Since ANNs are in 

the form of a function, they are generally more compact compared to reference 

databases. Utilizing wave Time of Arrival (TOA) as ANN input has been found to give 

best results for impact localisation[27] and thus is commonly the main feature 

used[3,12,26–28]. 

Unlike the triangulation methods, data driven methods map incoming wave features 

directly to an impact location without actual physical relation between them[3,30]. This 

allows them to be more flexible with anisotropic and non-uniform structures (stiffeners, 

etc.) as long as the associated features with each location point is consistent 

[20,21,23,28,27,31,13]. However, the downside is that they require a significant amount 

of initial data for training and are only accurate for the scope of that said training data 

set[3,12,25,28,30]. 

Most studies concerning ANNs only focus on cases where the impact conditions are 

the same for both training and testing[3,26,27,29]. In real application, an aircraft 

structure is subjected to variable impact conditions (varying temperature, mass, angle, 

energy) which can introduce significant variation in wave features (amplitude, 

frequency, noise level) compared to the training conditions[2,3,12,22,23,28,32,33]. This 

can cause significant reduction of accuracy of an ANN (and any other data driven 

method in general) impact location prediction when the input data are gathered under 

different conditions than the original training set[3,25,28,30]. Inclusion of various 

impact conditions into the training set of an ANN is impractical due to the large range 

of possible operational conditions, which would require a very large training data set.  

Recording impact induced waves under operational conditions of an aircraft, will 

include operational noise in the form of vibration[22,32]. If the operational vibration 

profile can be identified, an appropriate filter can be designed and applied to remove the 

vibration noise in the data[32] since impacts tend to generate wideband frequency 

responses[34,35]. Therefore, the choice of features extracted from the recorded data, to 

be used as input to the ANN, must consider the viability of removing noise from it. 

Additionally, most of the reported ANN based research have been carried out on flat 

composite plates[3,27–29]. Therefore, there remains shortcoming in investigating the 

influence of the plate curvature on the accuracy of ANN based localization.   

The aim of this work is to propose an impact localization methodology based on 

ANN which is applicable for composite structures under operational and environmental 

conditions without the need for an impossibly large training data set. The influence of 

environmental and operational conditions on recorded impact signals on sensorized flat 

and curved composite plates will be investigated. A novel feature extraction 

methodology is then proposed which can minimize the variance of extracted features 



whilst also removing the effects of vibration noise. The validity of the proposed 

methodology is tested by training ANNs using data from only one impact scenario 

which is then tested using impacts of different conditions than the original training 

scenario. A comparison is done between ANNs trained with features extracted with 

current methods and ANNs trained with features extracted with the proposed method to 

see the improvement in accuracy.  

 

2. Experimental Setup 

Experimental tests were conducted with the aim to investigate the influence of 

variation in impact condition (mass, energy, angle, temperature and vibration) on the 

recorded response of sensorized composite structures with different geometries (flat and 

curved). To achieve this, a multi-parameter impact test rig was designed as shown in 

Figure 1 and Figure 2 to simulate different impact conditions and vibration noise. The 

setup consists of 2 quasi-isotropic ([0/+45/-45/90/0/+45/-45/90]s layup) carbon fibre 

(M21 T800s) composite plates with differing geometries (flat and curved) and a rail 

guided impactor. The sensor, vibration motor and impact location layout can be seen in 

Figure 2 for the flat and curved plates. The flat plate (200 mm x 290 mm) had 8 PZT 

sensors bonded to the top side of the plate (impact side) whilst the curved plate (290 

mm x 285 mm) had 6 PZT sensors bonded to the bottom side of the plate to simulate 

possible sensor installation on the inside of a curved aircraft structure. The flat plate had 

a silicone heating mat and temperature sensor bonded to the bottom side for testing the 

plate at high temperature under impact. To generate vibration noise, 8 vibration motors 

(consisting of 3V coin motors attached to LM8UU linear bearings) were bonded on the 

top side of both flat and curved plates generating noise. The frequency range was 0 – 2 

kHz with the main frequency component being around 250 – 300 Hz with a maximum 

recorded amplitude of 200mV and 250 mV for the curved and flat plates respectively. 

 

Figure 1 

 

Figure 2 

 

Impacts were generated by dropping the impactor shown in Figure 1(c). Angled 

impacts were generated by tilting the guiding rails (tilt directions marked in Figure 2) 

and impact energy was controlled by the vertical height from which the impactor was 

dropped (Figure 2). The impactor head used was a 20 mm diameter round steel head and 

the impactor mass used was 100 gr (original) and 200 gr (increased by adding extra 

weight attachments to the impactor). For cases with vibration noise, since the generated 

noise amplitude was small a PCB Piezotronics impact hammer (086C03) with a steel tip 

was used instead of the impactor to have impacts of smaller amplitude or “taps” to 

maintain a reasonable signal to noise ratio (noise level > 5% signal amplitude). 

Additionally, the hammer adds randomness in terms of energy and angle of impact. 

Data acquisition was carried out using an NI PXI-5105 8 channel oscilloscope and 

NI SignalExpress software. Each PZT sensor was connected to the oscilloscope via 10x 

attenuation oscilloscope probes (except for vibration cases where the attenuation was set 

to 1x). For each impact, the impact signals were recorded for all sensors at 2 M 

samples/second with 100,000 sample points length and were repeated 4 times for 

consistency. A total of 1,332 impacts were collected from the flat plate (Table 1) and 



384 were collected from the curved plate (Table 2). For each plate there is a baseline 

case (F1 and C1) where every other case is a parametric deviation from the defined 

baseline (increased mass, temperature, etc.). 
 

3. Effect of Impact Condition Variation and Vibration on Structural Response 

From the gathered experimental data, it was observed that variation in impact 

condition (mass, angle, energy, temperature) has a significant effect on impact response 

signals. Table 1 and Table 2 summarize all the impact cases conducted on the flat and 

the curved composite plates respectively.  Analysing the data gathered on the flat plate, 

Figure 3 shows the absolute value of impact signals recorded by sensor 4 for impacts 

under various conditions (F1, F4 - F7) at location 18. All of the recorded signals in this 

paper are presented as absolute values for better observation of changes in signal 

features (signal start, amplitude, etc.) and to aid feature extraction later on (section 4.2).  

 

Table 1. Impact cases (F1 – F11) conducted for the flat plate 

Case Parameters Number of samples 

F1. baseline case h=50, a=90, m=100, T=25 140 (loc. 1-35 x 4 rep.) 

F2. baseline at inter. locations 

(inside baseline scope) 
h=50, a=90, m=100, T=25 48 (loc. (inter.) 4-15 x 4 rep.) 

F3. baseline at inter. locations 

(outside baseline scope) 
h=50, a=90, m=100, T=25 

24 (loc. (inter.) 1-3 &  

16-18 x 4 rep.) 

F4. increased temperature h=50, a=90, m=100, T=70 140 (loc. 1-35 x 4 rep.) 

F5. angled impact h=50, a=45, m=100, T=25 140 (loc. 1-35 x 4 rep.) 

F6. increased mass h=50, a=90, m=200, T=25 140 (loc. 1-35 x 4 rep.) 

F7. increased height h=100, a=90, m=100, T=25 140 (loc. 1-35 x 4 rep.) 

F8. increased height & 

temperature 
h=100, a=90, m=100, T=70 140 (loc. 1-35 x 4 rep.) 

F9. increased height & angled 

impact 
h=100, a=45, m=100, T=25 140 (loc. 1-35 x 4 rep.) 

F10. increased height & mass h=100, a=90, m=200, T=25 140 (loc. 1-35 x 4 rep.) 

F11. hammer + vibration h, a = random, T=25 140 (loc. 1-35 x 4 rep.) 

*note : h = height, mm; a = angle, degrees; m = mass, gr; T = temperature, 0C 

 

Table 2. Impact cases (C1 – C5) conducted for the curved plate 

Case Parameters Number of samples 

C1. baseline case h=50, a=90, m=100, T=25 100 (loc. 1-25 x 4 rep.) 

C2. angled impact h=50, a=60, m=100, T=25 
84 (loc. 1-25 except 5,10,20,25 due to 

clamping geometry x 4 rep.) 

C3. increased mass h=50, a=90, m=200, T=25 100 (loc. 1-25 x 4 rep.) 

C4. increased height h=100, a=90, m=100, T=25 100 (loc. 1-25 x 4 rep.) 

C5. hammer + vibration h, a = random, T=25 100 (loc. 1-25 x 4 rep.) 

*note : h = height, mm; a = angle, degrees; m = mass, gr; T = temperature, 0C 

 

Figure 3 

 

From Figure 3 it can be seen that for all cases, the waveform is similar up to the 

second peak which is the main peak for all cases except the increased mass (F6). 

Increased height (F7) gives higher kinetic energy and causes the amplitude of the signal 



to increase relative to the baseline case (F1) while the waveform does not 

change[23,25]. For increased temperature (F4), the general amplitude of the wave 

decreases with slight shift in the phase of wave components. This is consistent to 

previous findings[3,8,32,33] and may be caused by change in material properties caused 

by temperature in both the plate and PZT. Angled impact (F5) also lowers the general 

amplitude and introduces slight phase shift in the later parts of the wave without much 

alteration to the waveform. The reduced amplitude is caused by the reduction in 

transverse velocity component to the plate surface whilst the phase shift may be caused 

by the friction caused by the parallel velocity component[4]. Increased mass (F6) 

changes the waveform significantly after the second peak (main peak for F1, F4, F5 and 

F7) which is caused by the change in excited frequency components as found in 

previous studies[3,12]. 

As mentioned previously, it has been found that signal TOA is a good and 

commonly used feature for impact localisation with ANNs[27] and thus the start of the 

signal is of interest. It can be observed in the enlarged portion of the signal in Figure 3 

that all the signals start at the same time and have similar waveform near the start. 

However, due to differences in signal amplitude determination of signal TOA using 

common methods such as thresholding[3,12,26–28] may give different results 

depending on the threshold value chosen[27]. This may cause inconsistencies in TOA 

associated to impacts in the same location but with different impact conditions. 

Figure 4 shows the comparison between the baseline case (F1) where the impact 

signal (generated by hammer impact (F11)) was recorded with and without vibration. It 

can be seen that the presence of vibration masks the signal arrival, which is of interest. 

In general, the probable impacts on aircraft parts, excite a wide band frequency response 

(above 10 kHz [34,35]) which is usually higher than operational vibration levels (under 

2kHz as stated by RCTA DO-160C [32]). Therefore it is possible to denoise the signal 

using high pass filter (prior to absolute value conversion)[32] to obtain the remaining 

high frequency impact signal components which may still be used to obtain signal TOA 

as shown in Figure 4. 

 

Figure 4 
 

4. Impact Localisation Algorithm 

4.1. Artificial Neural Networks (ANNs) 

As mentioned earlier, the interest of this research is to realize the use of ANN for 

impact localization in real operational conditions. ANN is a meta-model that maps a 

given input to an output via a network of neurons separated into layers as shown in the 

simple example diagram in Figure 5. The inputs (X,Y) are connected to the hidden layer 

via a set of weighted (Wij , i = x,y , j = 1,2) connections[3,30]. In the hidden layer, the 

weighted inputs go through mathematical operations (functions f and g) and are then 

connected to the output layer via another set of weighted (Vij , i = x,y , j = 1,2) 

connections[3,30]. The values from the hidden layer connections to the output layer are 

then summed to produce an output (A, B). During training, a known set of inputs and 

outputs are fed to the network whilst the weights are adjusted via backpropagation 

algorithms to produce a network that best fits the training data[30]. Once trained, the 

ANN can predict an output for a given input accurately if the input is in the scope of the 

training data (similar to regression). 



 

Figure 5 

 

Since ANN training only fits a network to map a given input to a given output (from 

the training set), any inconsistent association between input and output (differing from 

the training set) will result in an inaccurate prediction of output for a given input[30]. In 

the case of this research, inconsistencies of the signal features (arising from feature 

extraction methods or differing impact conditions) used as inputs will reduce the 

accuracy of the predicted output which is the impact location[3]. Therefore, to maintain 

the accuracy of impact localisation using ANNs regardless of the impact conditions, the 

feature extraction method must give consistent results for a given location for all 

possible impact conditions. 

 

4.2. ANN Input Feature Selection and Extraction 

From previous observations (section 3 and Figure 3) it was found that the amplitude 

of the signal varies with varying impact conditions and that the time of maximum 

amplitude changes with increased mass impacts (F6). This poses a risk of introducing 

inconsistencies for features relying on maximum signal amplitude. On the other hand, 

the start of the signal prior to the second peak shows potential consistency of waveform 

(even though amplitude variance exists). Coupled by the fact that previous studies have 

concluded that TOA is the best input for impact localisation ANN[27], it was therefore 

selected as the input feature used for ANN impact localisation in this research.  

For the purpose of TOA extraction, the commonly used threshold method[3,12,26–

28] (signal “arrives” when a set threshold is passed) was used as a starting point for 

TOA extraction. Figure 3 shows that variation in impact condition generates differences 

in the impact signal amplitude, especially at the small initial peaks at the signal start, 

which may affect TOA determination consistency.  

Since the waveform of the initial portion before the peak is similar, normalizing the 

signal amplitude (dividing signal amplitude with the maximum absolute amplitude 

value out of all the signal from a sensor network) can reduce the variation that causes 

inconsistencies in the TOA extraction based on a set threshold[12,23,25]. This method 

of TOA extraction is referred to here as the Normalized Threshold (NT) method and 

was chosen as the benchmark method for comparison with the proposed TOA extraction 

method later on. Figure 6 shows the normalized signals from Figure 3 where it can be 

seen that the variation in amplitude at the start of the signal has been reduced 

significantly. However, this may not be enough to ensure localisation accuracy[12] 

since the problem of varying initial peaks not only occurs due to differing impact cases 

but also between different sensors. Figure 7 shows the normalized (relative to the 

maximum absolute amplitude of all the signals from a set of sensors) absolute value 

signals from sensors 1, 2 and 4 due to the baseline impact case at location 18 of the flat 

plate. It can be seen that the same problem arises due to differences between the 

amplitude of initial peaks of each sensor signal.  

 

Figure 6 

 

Figure 7 

 



Since the main problem occurs due to the small initial peaks at the start of the 

signals, it is proposed to smooth the signals to remove the peaks. Since the signal is 

expressed as the absolute value, low pass filtering will yield a smoothed envelope of the 

signal. Figure 9 and Figure 8 show the envelopes of the signals shown in Figure 6 and 

Figure 7 respectively obtained by low pass filtering (< 2 kHz, Butterworth IIR filter) 

prior to normalization. It can be seen that the signal envelopes have a much smoother 

signal rising edge for both different impact cases and different sensors thus giving a 

much more consistent results for a wider range of threshold levels. This TOA extraction 

method is referred to here as the Normalized Smooth Envelope Threshold (NSET) 

method. 

 

Figure 8 

 

Figure 9 
 

For vibration noise, denoising via high pass filtering (Butterworth IIR filter >2kHz, 

above vibration motor noise frequency bandwidth) was performed prior to absolute 

value conversion and TOA extraction to unmask the initial part of the signal. In reality 

an acquisition system would have a fixed filter, thus all cases were high pass filtered 

(training and test cases regardless of whether there was vibration noise or not).  

As mentioned previously in section 1, since in operational conditions the actual time 

of impact is unknown (thus real TOA is unknown) the TOA inputs for the ANN are in 

terms of TOA differences for each sensor relative to the earliest arrival time (set as 0). 

TOA differences extracted with the NSET method were compared to TOA differences 

extracted with the NT method as a benchmark to assess its performance as the input for 

localisation ANN. Extraction threshold level was set to 2.5% of maximum absolute 

amplitude of the signals (from all sensors in the network) for ANNs without vibration 

filtering and 5% for ANNS with vibration filtering (due to lower signal amplitude 

relative to acquisition system noise after filtering).  

 

4.3.Neural Network Training and Testing 

In this research, 8 individual ANNs were trained and compared for impact 

localisation as shown in Table 3. These ANNs were compared to see the differences in 

localisation performance for different geometries (flat and curved), TOA extraction 

methods (NSET and NT methods) and the effect of vibration noise (effect of high pass 

filtering prior to TOA extraction). ANN construction and training was conducted using 

the “nftool” function available in MathWorks MATLAB R2018a software. 

 

Table 3. List of ANNs trained and used 

ANN Plate 
Training 

Set 

Vibration 

Noise 

Test Input 

Sets 

High Pass Filter 

(Training & 

Test sets) 

TOA 

Extraction 

ANN (F NV NSET) Flat F1 No F2 – F10 No NSET 

ANN (F NV NT) Flat F1 No F2 – F10 No NT 

ANN (F V NSET) Flat F1 Yes F2 – F11 >2kHz NSET 

ANN (F V NT) Flat F1 Yes F2 – F11 >2kHz NT 

ANN (C NV NSET) Curved C1 No C2 – C4 No NSET 



ANN (C NV NT) Curved C1 No C2 – C4 No NT 

ANN (C V NSET) Curved C1 Yes C2 – C5 >2kHz NSET 

ANN (C V NT) Curved C1 Yes C2 – C5 >2kHz NT 

Note  : ANN nomenclature in parentheses: plate: Flat or Curved (F/C); vibration filtering: Vibration 

or No Vibration (V/NV); TOA extraction method: Normalised Smoothed Envelope 

Threshold or Normalized Threshold (NSET/NT). 

 

Each ANN had an input of TOA differences for each sensor (8 for flat and 6 for 

curved) followed by a single hidden layer containing 10 neurons which is then 

connected to the output layer consisting of 2 neurons for the X and Y coordinates of the 

impact location. For each ANN, training was conducted using the Levenberg – 

Marquardt backpropagation algorithm[30] with Root Mean Square Error (RMSE) of the 

impact location coordinates (Root Square Error of single location : RSE = [Xpredicted - 

Xreference]
2 + [Ypredicted - Yreference]

2) of the training set as the performance indicator. This 

training was repeated 500 times to account for random initial weights for each ANN and 

the resulting network with lowest value of RMSE + RSE standard deviation (to 

minimise mean error and also error spread) for the training set is chosen. The baseline 

case for each plate (F1 and C1) is chosen as the training set for each ANN such that the 

test sets represent cases that deviate from the original training sets (F2 – F11 and C2 – 

C5) to test the generalisation of the trained ANN. 

Testing was conducted by giving the features extracted for the derivative cases (F2 – 

F11 and C2 – C5) as input to the previously trained ANNs to assess the accuracy of the 

ANNs for cases outside of the original training case. Cases F2 and F3 were selected to 

test the ANNs interpolation capability in locations between the known impact locations 

(intermediate locations, Figure 2) of the training set to see if overfitting occurs. Data 

from case F3 was collected outside the initial training data range to see the accuracy of 

the ANNs for extrapolating outside of the original training data range. 

Accuracy was quantified by the Cumulative Distribution Functions (CDFs) of the 

RSEs for each set (fitted with a lognormal distribution[12,13,27,31]). The values of 

RSE were translated into detection range, which represents the area around the real 

impact location within which an impact will be detected with a certain level of 

probability (smaller values mean higher accuracy). A comparison of detection range at 

90% Probability of Detection[27] (POD) based on the obtained CDFs is given for all 

cases for ease of comparison. 

 

5. Impact Localisation Results 

Figure 10 and Figure 11 give the impact localisation results in terms of CDFs and 

detection range (90% POD) for the flat and curved plate with no filtering for vibration 

denoising (ANN [F NV NT], ANN [F NV NSET], ANN [C NV NT], ANN [C NV 

NSET]). It can be seen that in both the curved and the flat panel, both NT and NSET 

extraction methods allow for very good localisation of the training set (F1 and C1). For 

the flat plate, interpolation for intermediate location (Figure 2) detection is still 

relatively accurate (detection range : 5.71 mm for NT and 4.97 mm for NSET) if the 

locations are still inside the training data range (F2). When outside the training data 

range (F3) the accuracy drops considerably (15.03 mm for NT and 9.18 mm for NSET) 

as expected from the limitations of ANNs[30]. Therefore, F3 is generally excluded 

when comparing accuracy between ANNs since it does not reflect on the generalisation 

capability of the trained networks. 



 

Figure 10 

 

Figure 11 

 

For test cases with differing impact conditions (F2 – F10 and C2 – C4), in general 

the accuracy drops (Figure 10 and Figure 11) compared to the accuracy of localisation 

for the training set (F1 and C1) which confirms the results from previous studies[3,28]. 

However, for ANNs using NSET extracted features (ANN [F NV NSET] and ANN [C 

NV NSET]), the drop in accuracy is always smaller compared to ANNs using NT 

extracted features (ANN [F NV NT] and ANN [C NV NT]). For the flat plate, the 

maximum detection range (excluding F3) is 7.78 mm (F6) for the NT ANN versus 4.97 

mm (F2) for the NSET ANN (a 36.12% improvement). For the curved plate, the 

comparison is 40.88 mm (C3) for the NT ANN versus 8.84 mm (C3) for the NSET 

ANN (a 78.38% improvement).  

Due to differences between the sensing region geometry of both plates (Figure 2), 

the detection area (circular area encompassed by detection range radius) was calculated 

such that the accuracy of impact localisation could be compared in terms of the 

percentage of sensing area. For the NT ANNs, the change in curvature seems to affect 

the accuracy significantly (maximum detection area 0.99 % for the flat plate versus 

13.13 % for the curved plate). However, for the NSET ANNs the change in geometry 

seem to only slightly affect its accuracy (maximum detection area 0.40 % for the flat 

plate versus 0.61 % for the curved plate). 

For both plates, the largest accuracy drop mostly came from increasing impact mass 

(F6 and C3). Figure 12 and Figure 13 show the localisation results for cases F6 and C3 

where it can be seen that for the NT ANNs a portion of the impact points are localized 

with acceptable accuracy. However, the rest show very large deviations from the actual 

impact points (indicated by the maximum RSE value)  as shown in location 13 (centre 

of plate) of the curved plate (Figure 13). Investigation into the extracted TOA values 

from both NT and NSET methods for location 13  (Figure 13) show that the NSET 

method yields much more repeatable TOA profiles for repeating impacts (C3 repetitions 

1 to 4) and also compared to the baseline case (C1) as shown in Figure 14. This means 

that the NSET method can effectively generalise the TOA profile of case C3 to match 

that of the baseline case (C1) such that accurate localisation is possible with only the 

baseline case (C1) used as the training data. Since C3 showed the lowest accuracy, it is 

assumed that for other cases the generalisation is better. 

 

Figure 12 

 

Figure 13 

 

Figure 14 

 

Figure 15 and Figure 16 show the impact localisation CDFs and detection range 

(90% POD) for ANNs with vibration filtering (ANN [F V NT], ANN [F V NSET], 

ANN [C V NT], ANN [C V NSET]). In general, the trend is similar to the results from 

ANNs without vibration filtering (Figure 10 and Figure 11) where the training sets (F1 



and C1) are fitted very well but accuracy drops for the test cases (F4 – F11 and C2 – 

C5) and intermediate locations (F2 and F3). It also confirmed that NSET ANNs are 

more accurate for test cases than the NT ANNs which, demonstrates better 

generalisation. For the same test cases as the ANNs without vibration (F2, F4 – F10), 

the maximum detection range for the flat plate is 20.23 mm (F5) for the NT ANN 

versus 7.52 mm (F5) for the NSET ANN (a 62.84% improvement). For the curved 

plate, the maximum detection range is 24.36 mm (C2) for the NT ANN versus 6.02 mm 

(C2) for the NSET ANN (a 75.31 % improvement) for cases C2 – C4. For these cases, 

the ANNs with vibration filtering for the flat plate (ANN [F V NT] and ANN [F V 

NSET]) showed lower accuracy compared to ANNs without vibration filtering (ANN [F 

NV NT] and ANN [F NV NSET]) whilst for the curved plate it was the other way 

around which gives no particular indication of the effect of vibration filtering on the 

accuracy of the result. 

 

Figure 15 

 

Figure 16 

 

Unlike the ANNs without vibration filtering (Figure 10 and Figure 11), the largest 

drop in accuracy for ANNs with vibration filtering (Figure 15 and Figure 16) is caused 

by angled impacts (F5 and C2). This suggests that the variation caused by increased 

mass (F6 and C3) affects the low frequency components of the signal that is filtered out 

along with the vibration noise. This is in line with the finding that higher impact mass 

generates more low frequency components[3,12] and thus variation caused by increased 

mass will be in the low frequency range which is visible in Figure 6. This also may 

suggest that angled impacts generate high frequency variation (possibly from sliding 

contact) that may have been masked by the low frequency components when no 

vibration filtering was applied. 

Comparison between plate geometries for ANNs with vibration filtering (Figure 15 

and Figure 16) for cases F2, F4 – F10 and C2 – C4 (same as ANNs without vibration 

filtering, Figure 10 and Figure 11) shows that for the NT ANNs (maximum detection 

area percentage to sensing region area : 6.70 % for flat and 4.66 % for curved) and 

NSET ANNs (maximum detection area percentage to sensing area : 0.93 % for flat and 

0.28 % for curved) the difference in curvature does not significantly affect the accuracy.  

The vibration test case (F11 and C5) combines the presence of vibration, with very 

small impact magnitude (small taps with maximum amplitude of 5 V compared to 30 V 

impacts, Figure 3) and randomness in impact (variation in angle and energy) due to 

operation of the hammer by hand. Therefore, it contains very large variation from the 

training baseline case (F1 and C1) and should be more difficult to detect accurately. 

Figure 17 and Figure 18 show the impact localisation results for the vibration cases for 

both plates where it can be seen that the NT ANNs give very poor accuracy in locating 

the impacts (detection range : 56.08 mm for flat and 58.10 mm for curved). On the other 

hand, the NSET ANNs give much more accurate location predictions for both the flat 

(6.59 mm detection range, an 88.26 % improvement) and curved panels (14.03 mm 

detection range, a 75.85 % improvement).  

 

Figure 17 



 

Figure 18 

 

For the NT ANNs, the detection area for cases F11 and C5 in terms of percentage of 

sensing region area is 56.08 % for the flat plate (F11) and 26.51 % for the curved plate 

(C5). For the NSET ANNs the values were 0.71 % for the flat plate (F11) and 1.55 % 

for the curved plate (C5). It can be seen that the effect of geometry on accuracy is 

relatively small for NSET ANNs whilst for NT ANNs the accuracy is higher for curved 

plates. Comparing the previously mentioned detection ranges for all NT ANNs gives a 

spread of 0.99 – 56.08 % whilst for NSET ANNs the spread is 0.28 – 1.55 %. This 

shows that the NSET method gives better consistency in terms of accuracy for variation 

of all parameters (impact condition, vibration noise filtering and plate geometry) given.  

Additionally, as the flat and curved plates had different numbers of sensors (8 for 

flat and 6 for curved), it can be seen that for consistent TOA inputs produced by the 

NSET method, the number of sensors does not significantly affect the accuracy of 

localisation (accuracy of flat plate not significantly different than curved plate). Thus, it 

can be said that the NSET methods allows for further optimisation of number of sensors 

used leading to less added weight and acquisition system requirements[13,31].   

 

6. Conclusion 

In this paper, a novel feature extraction is proposed for developing a meta-model for 

impact localization. The developed ANN is trained with only one data set (one impact 

scenario) but can localize impacts under varying conditions. Observation of test data 

collected under variation of impact conditions (temperature, angle, mass and energy) 

showed significant variation in recorded impact signals which prevented consistent 

TOA extraction using available methods such as the Normalised Threshold (NT) 

method. A Normalised Smoothed Envelope Threshold (NSET) method was proposed as 

a more robust alternative to the NT method. For the problem of vibration noise, high 

pass filtering was proposed due to the wide band signal generated by impacts which 

usually have much higher impact frequencies than operational vibration noise. 

Observation of TOA extracted using the NT method and the NSET method showed 

that the NSET method gave much more consistent TOA difference profiles for impact 

case repetitions and also for different impact cases. Therefore, by using the NSET 

method the TOA profiles were generalised for the different impact cases resulting in 

significantly higher accuracy location predictions (detection area 0.99 – 56.08 % of 

sensing region area for NT method versus 0.28 – 1.55 % for NSET method for all 

impact cases) by the trained ANNs for test impact cases that differ from the original 

training set. Vibration filtering, number of sensors and difference in plate geometry 

(curvature) did not significantly affect the accuracy of NSET ANNs. 

Therefore, by using the NSET TOA extraction method preceded by high pass 

filtering for vibration noise, an ANN can be trained using only 1 impact case training 

set but can accurately predict the location of impact cases with variable impact 

conditions (variable temperature, mass, angle and energy) and added vibration noise 

presence. This allows for a large reduction in the amount of training data needed and 

gives consistent accuracy for ANNs trained using TOA extracted by the NSET method 

making ANN based impact localisation much more feasible for real life implementation. 



This is an important step forward for application of meta-models to real structure under 

operational conditions.  
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Figure Captions 

 

Figure 1. Experimental impact setup : flat plate (a), curved plate (b), rail guided 

impactor at 900 angle (c) and 450 angle (d), impactor without added mass (e) and with 

added mass (f) 

 

Figure 2. Layout for flat (a) and curved (b) plates 

 

Figure 3. Absolute value of impact signals recorded at sensor 4 for various impact cases 

(F1, F4, F5 [a] and F1, F6, F7 [b]) at location 18 of flat plate 

 

Figure 4. (a) Effect of vibration noise on impact signal and (b) denoising via high pass 

filtering (< 2 kHz Butterworth IIR filter) 

 

Figure 5. Diagram of simple feed forward neural network 

 

Figure 6. Normalized absolute value impact signals recorded at sensor 4 for various 

impact cases (F1, F4, F5 [a] and F1, F6, F7 [b]) at location 18 of flat plate 

 

Figure 7. Normalized (relative to max. amplitude in set) absolute value impact signals 

recorded at sensors 1, 2 and 4 for the baseline case (F1) at location 18 of flat plate 

 

Figure 8. Normalized (relative to max. amplitude in set) impact signal envelopes (< 2 

kHz) for signals recorded at sensors 1, 2 and 4 for the baseline case (F1) at location 18 

of flat plate 

 

Figure 9. Normalized impact signal envelopes (< 2 kHz) for signals recorded at sensor 4 

for various impact cases (F1, F4, F5 [a] and F1, F6, F7 [b]) at location 18 of flat plate 

 

Figure 10. Flat plate ANN localisation (without vibration filtering) CDFs for NT (a) 

versus NSET (b) extraction methods and detection range comparison at 90% POD (c) 

 

Figure 11. Curved plate ANN localisation (without vibration filtering) CDFs for NT (a) 

versus NSET (b) extraction methods and detection range comparison at 90% POD (c) 

 

Figure 12. Flat plate impact localisation results comparison between NT and NSET 

ANNs for impact case F6 (increased mass) 

 

Figure 13. Curved plate impact localisation results comparison between NT and NSET 

ANNs for impact case C3 (increased mass) 

 

Figure 14. Comparison of extracted TOA differences between NT and NSET method 

for curved plate location 13 (centre of plate) case C3 and C1 

 

Figure 15. Flat plate ANN localisation (with vibration filtering) CDFs for NT (a) versus 

NSET (b) extraction methods and detection range comparison at 90% POD (c) 

 



Figure 16. Curved plate ANN localisation (with vibration filtering) CDFs for NT (a) 

versus NSET (b) extraction methods and detection range comparison at 90% POD (c) 

 

Figure 17. Flat plate impact localisation results comparison between NT and NSET 

ANNs for impact case F11 (hammer + vibration) 

 

Figure 18. Curved plate impact localisation results comparison between NT and NSET 

ANNs for impact case C5 (hammer + vibration) 

 

 

 


