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Impact characterization on thin structures using machine
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Abstract

In the present manuscript Machine Learning algorithms are trained and compared to identify and to characterise the
impact on typical aerospace panels of different geometry. Experimental activities are conducted to build a proper
impacts’ dataset. Polynomial regression algorithm and artificial neural network are applied and optimised to panels
without stringer to test their capability to identify the impacts. Subsequently, the algorithms are applied to panels
reinforced with stringers that represent a significant increase of complexity in terms of dynamic features of the system
to test: the focus is not only on the impact position’s detection but also on the event’s severity. After the identification
of the best algorithm, the corresponding Machine Learning model is deployed on an ARM processor mini-computer,
implementing an impact detection system, able to be installed on board an aerial vehicle, making it a smart aircraft
equipped with an Artificial Intelligence decision-making system.

Keywords: Artificial Neural Network; Impact Localisation; Machine Learning; Polynomial Regression; Structural Health Mon-

itoring

1. Introduction

Structural Health Monitoring (SHM) in the aerospace field has reached a certain level of maturity for what concerns
the methods and the sensors that can be used for the damage detection in the different structural parts of an aircraft.
Ricci et al.! provide a review of the main SHM techniques applied in the aviation based on the propagation of guided
waves. Numerical, analytical and experimental characterization of damaged structures is discussed. Despite the differ-
ent geometries involved with variable levels of irregularities, the tomographic method consisting of an unsupervised
threshold definition and a multi-parameter processing is the most effective in detecting and locating the impact damage.
Significant results are obtained even when thickness increase, stiffeners or both are located close to the monitored area.
The Multi-Parameter Approach taken into consideration, indeed, may be generalised to different scenarios where the
features mostly influenced by the defect may be specialized according to the different damage occurrence’s generation
(i.e., impact, fatigue or others). Rocha et al.? represent the state of the art on SHM of aerospace composites with a
special focus on the most effective sensors, commercially available and developed in laboratory. Working principles,
properties, embedding capabilities, their interaction with host materials are discussed. General considerations about
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the influence of the aerospace environment on the development of SHM systems are also formulated: one of the con-
clusions of the manuscript is that piezo-sensors play still today a relevant role in the damage detection of lightweight
structures. Other recent works, related to SHM applied to composites and aerospace field, focus on Lamb waves prop-
agation and possible techniques that can be adopted for the damage identification of typical structures*®. The need to
implement a wireless sensors’ network on operating aircrafts that would provide real-time information about the integ-
rity of primary structures was studied in’ and the possible ways to feed the SHM sensors exploiting aircraft structural
behaviour for energy harvesting purposes were presented by Agnes!®. Key aspects were analysed!! for the actual in-
corporation of SHM systems into composite aircraft structures, like the need for a holistic damage assessment of the
aircraft’s structural health and an actual upscaling of these systems to realistic in-service structures. Impacts can be
detrimental to the aerospace structures and scientists pay significant efforts, on one side, to improve the materials’
impact properties!'>!® and, on the other side, to detect impact related damage'’'°. Machine learning algorithms are
nowadays attractive and powerful tools in different fields of the engineering because they allow solutions of problems
without a a-priori knowledge of the whole physical frame behind the problems?®22. Different papers, recently issued,
report effective approaches based on machine learning for detection of damage on thin-walled structures: Salehi et al.?
present a robust strategy for the damage identification in aircraft structures, exploiting discrete time-delayed data. The
authors develop a novel machine learning framework for damage identification based on the integration of a data fusion
model, a low-rank matrix completion, pattern recognition, k-nearest neighbour: simulation results prove the efficiency
of the method since the proposed machine learning approach could actually detect the presence and location of damage
on a typical wing-stabilizer using time-delayed binary data generated from a network of sensors. Ai et al.?* present an
approach able to automatically detect and localize an impact that may occur in flight on a typical aircraft structure:
random forest and deep learning, applied on acoustical signals, are employed to train the models for the source location.
The results obtained through this novel method are compared to the results obtained using a conventional artificial
neural network for the impact localization carried out in previous research. The authors prove that, in this specific case,
random forest and deep learning led to better detection performance. Supervised methods would need training data
coming from possible damage patterns and, because this is not always feasible for typical aircraft structures, supervised
algorithms are difficult to develop for such applications. Shi et al.?® present a novel unsupervised damage detection
method based on machine learning: a statistical model feeding neural networks and a decision-making process based
on deep support vector domain description are the core of the method. The results show that the method is able to
detect damage in civil structures. Wang et al.?propose a kernel extreme learning machine model-based prediction
model for the structural response of laminated glass panels under hard body impact. Impact performance of thin con-
crete slabs can be characterised through the Sobol’s Functional Analysis of Variance (FANOVA)?: artificial neural
network models are combined with probabilistic sampling techniques to calculate the first and second order Sobol’s
sensitivity indexes.

In the present work a machine learning algorithm is developed able to locate on a thin metal panel the impact position
with a remarkable level of accuracy: the main differences with a previous work carried out by authors? are that in the
present case, (i) the geometry of the tested samples was significantly complicated by the presence of stringers, respon-
sible of waves’ scattering through the panel and (ii) the algorithm is also capable to detect the level of severity of the
impact (i.e., the energy associated with the event). The excellent agreement between the predictions and the actual
impact positions makes the algorithm suitable for SHM purposes and encourage the authors to test it on even more
complex structures (curved reinforced panels, thickness variable thin structures and so on).

2. Experimental setup
2.1 Characterisation of impacts in the laboratory

In the first activity, low speed impacts were characterised in the laboratory, performing them on three squared spec-

imens:
1. 100x100 cm (Fig. 1 (a));
2. 100x100 cm with “L-shape” single stringer (Fig. 1 (b));
3. 100x100 cm with three “L-shape” stringers (Fig. 1 (c)).

Each panel was made of aluminium alloy with density 2700 kg/m?, elastic modulus E = 72 GPa, Poisson’s ratio v =
0.33 and thickness = 1.2 mm.

Four piezoelectric ceramic PZT Pb [erTi1—x]O3 sensors?® (diameter equal to 10 mm) were bonded on the surface,
at the four vertices of a square 50x50 cm area (Fig. 1 (a)). The impacts were performed inside the area above by
dropping a steel ball from the top of a “drop tower” built up in the AeroSpace Structural Engineering Lab (AS.S.E.
Lab — University of Salento)*°. A steel ball of weight equal to 1.2 g ball weight was dropped from a height of 40 cm at
167 positions identified on a grid of 0.25 mm of step.
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(a) 100x100 cm (b) 100100 cm (c) 100x100 cm
with “L-shape” single stringer with three “L-shape” stringers

Fig. 1: Specimens.

The waves generated by the impacts were detected by the four PZT sensors, each one directly connected to a separate
Picoscope 6402D! oscilloscope channel, in order to trace the voltage signals (Fig. 2).
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Fig. 2: Signal acquisition in Picoscope software.

The signals were acquired by configuring the Picoscope 6 software?! as specified below:

o Timebase control: Sms/div
This control set the time represented by a single division of the horizontal axis (total ten divisions). The ac-
quisition period (50 ms) was set in function of the phenomenon duration (impact and relative plate behav-
iour), without producing exceedingly large output files.

o Samples control: 200 kS
Number of samples per each channel for the entire acquisition period.

o Sensor voltage range: +20V (DC)
This is the vertical scale with admissible maximum/minimum values.

o Trigger: Single
The Single trigger mode was used to capture all signals waveforms when a selected channel reached a volt-
age threshold (see next item).

o  Threshold: 2V
The voltage at which the trigger operated.

o Pretrigger: 30%
Sets how much time before the trigger event is considered for signal acquisition.

After the acquisition, the signals were sampled and exported as CSV format file using Picoscope software, while
MATLAB was used to process the acquired data. In Fig. 3 the lab experimental setup schematic is reported.
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Fig. 3: Experimental setup for impacts characterisation
2.2 Impact Time of Flight estimation

An impact produces multiple Lamb wave modes at various frequencies (from zero to infinity) which propagate with

different group velocities. At low frequencies (hundreds of kilohertz), only the zero-modes (SO and A0) can be ex-
cited®>%,
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Fig. 4: Lamb waves tuning curves for an aluminium plate of 1.Imm thickness and 7mm square PWAS3?

Fig. 4 shows the tuning curves for the A0 and SO modes, experimentally obtained by exciting an aluminium plate of
similar thickness to that used in this work??. The first maximum of the AO mode occurs at around 60 kHz, while it is
possible to identify in 40 kHz the maximum frequency at which the SO mode is neglectable. Therefore, in the range 0-
40 kHz, the arrival time, also called Time of Flight (ToF), of the entire signal can be considered that of the A0 mode.
For this reason, after the acquisition by the oscilloscope, the ToF was evaluated by processing the signals in MATLAB

by a Short Time Fourier Transform (STFT) in the range 0-40 kHz, using Hamming window and resolution of 40 Hz
(Fig. 5).
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Fig. 5: Signals processed in MATLAB by STFT, range 0 — 40 kHz, Hamming window and 40 Hz resolution.
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At the frequency 40 kHz the ToF of the A0 mode was evaluated according to the procedure described by Schindler
et al.* for each sensor. Because of the absence of an absolute clock signal, it was important to avoid the comparison
between ToFs, while the differences #,, 2, 13 between the ToFs at three sensors and the ToF at one reference sensor was
a good solution. After the evaluation of the arrival time, a dataset was built, made of 167 samples (impacts points) and,
for each sample, the actual coordinates (x,y) and the three ToF differences #;, 1, t3.

2.3 Onboard impact localisation mini-device

In the second experimental activity, an impact localisation mini-device was implemented. This mini-device was

made up of two components:
1. an ARM CPU Raspberry Pi minicomputer’>;
2. two BitScope BS05P3¢ oscilloscopes connected to the Raspberry Pi.

The best Machine Learning (ML) model identified during the first activity was developed in C++ through MATLAB
Coder, compiled as a standalone executable file and uploaded on the Raspberry Pi using MATLAB Support Package.
Test impacts were performed on the 100x100 cm plate with three “L-shape” stringers, while the generated waves were
detected by the four sensors and processed by the BitScope system. The Raspberry Pi, running an acquisition software
developed in Python language and the ML standalone application, was able to predict the impact localisation as ex-
pected (Fig. 6).

Aluminium Panel BitScope Oscillocope Raspberry Pi B+ MATLAB/C++ ML Model
Fig. 6: Experimental setup with onboard impact localisation device.

3. Theory of Machine Learning models
3.1 Polynomial regression

In this work the coordinates (x,y) of an impact in a two-dimensional system are functions of the three ToF differences
t1, t2, t3. Applying a polynomial regression algorithm, these functions are represented by polynomials and the construc-
tion of the model consists of identifying the degree d and the coefficients 8 in order to best fit a set of given data. Per
each impact, each coordinate is expressed by a specific function:

x = 9)60 + Zi3=1 Hxl'ti + Z?=1Zi=1 ijk tjtk + (1)
y= 6, + Z?zleyiti + X Y eyjk tity + - )

Fixed the polynomial degree d and extending the above equations to L impacts, it is possible to use the following
matrix form:
U=TB 3)
where:
- Uis Lx2 matrix, in which the columns contain the x and y coordinates for the L impacts respectively;
- Tis LXp matrix, in which the columns contain the so-called polynomial features (¢, power of the # up to grade
d and relative cross multiplication);
- Bis px2 Design Matrix of weight coefficients 6.
A subset of M impacts was used as training data, in order to calculate the design matrix B as specified by Bishop®,
by using MATLAB fit/m function, that solves a fitting regression problem with QR decomposition:

B = (T"T)"'T"U 4
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A Rank-Deficient error occurred during the calculation of the inverse matrix in (4), due to the correlation between
the polynomial features and the consequent ill-conditioning of the 7 matrix.
The features were normalized applying the Z-Score feature scaling on over the samples in this way:

_ ti—tmean
tingw = dev )

where fmean 1S the mean value and dev is the standard deviation, both calculated by using all samples. Therefore, each
new ¢ is centred and scaled to have mean value 0 and standard deviation 1.

After the calculation of the B matrix, it was possible to validate the model by estimating the Mean Radial Error
(MRE) over the training set of M samples and over the test set of remaining N samples:

RE; = (%; — x)? + (7, — y1)? (6)
1

MREtrain = E 1iV1=1 REi (7)
1

MRE¢ese =~ L1 RE; 3

The i Radial Error RE; is the Euclidean distance between the actual coordinates (x;y:) and the coordinates (i)
calculated by the algorithm for the i impact. In order to confirm the choice of the best polynomial degree and evaluate
the model in terms of generalisation, a bias-variance diagnosis was performed. Bias is the difference between the model
average prediction and the expected value, while variance is the expectation of squared deviation from its mean. Con-
sidering a machine learning model, high bias means that the model is too simple (low complexity), with faster training
but also data underfitting. Similarly, high variance means that the model is too complex and too precise in training data
fitting (overfitting), causing bad performance and generalisation if applied to test data. Therefore, bias and variance
are complementary to each other and the optimum model complexity corresponds to the minimum Mean Square Error
with a bias-variance trade-off*°.

Considering RE; as the variable for the evaluation of the bias-variance trade-off, bias is equal to model average
prediction (MRE) because of RE; expected value is equal to O for all the samples. It is possible to define:

e Square Error for the i impact:
SE; = RE} = (%; — x)* + (J; — y)* )

e  Variance:
VAR = =¥t [(RE]; — MRE)? (10)

e  Mean Square Error:
MSE = ¥k SE; = BIAS? + VAR + IE (11)

where /FE is the irreducible error due to noise.
3.2 Artificial neural network

The other machine learning model applied to the dataset described in the previous section was the Artificial Neural
Network (ANN). An ANN is made of connected nodes called artificial neurons (Fig. 7), each of which receives input
signals, processes them and sends the output to the other neurons connected to it. The output a of a generic neuron is
computed based on two consecutive operations:

1. the computation of an intermediate output z using the input vector t, the vector of weights w and the vector
of biases b;
2. the activation on z to give out the final output a of the neuron.

z=wlt+b (12)

a= g2 (13)
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z=wlt+b |a= g(2)

Fig. 7: Neuron representation.

In ANN the neurons are aggregated into layers. Signals travel from the first layer (the input layer, made up of the
input variables) to the last layer (the output layer) even more than once, traversing one or more hidden layers, in which
the variables are not visible and that contain the neurons (Fig. 8).

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer

Fig. 8: Neural Network Example with 2 hidden layers.

A simple ANN is the Shallow Neural Network (SNN), a feed-forward network consisting of only one hidden layer
(Fig. 9).

Input Layer Hidden Layer Output Layer

Fig. 9: Shallow Neural Network example.

Considering a SNN in which the input is represented by the three ToF differences ¢, t2, #3, a generic neuron identified
by / subscript performs the following equations:

Zl = Wth + bl (14)
a = g(z)

where:
- t is the input vector containing the three ToF differences #;, 1, t3;
- w;, is the vector of three weights associated to the neuron /;
- b, is the bias associated to the neuron /;
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- z; is the intermediate output associated with the neuron /;
- g is the activation function for the layer;
- a; is the final output associated with the neuron /.

Using a matrix notation, the above equations can be written as:

Zm = Wiy 4 pin (15)
Al = glnl(Z1n])

where:
- ZM s the vector containing the intermediate output in the hidden layer;
- W s the matrix containing the weights of the neurons in the hidden layer;
- b is the vector containing the biases of the neurons in the hidden layer;
- g™ is the activation function for the hidden layer;
- A is output of the hidden layer that becomes the input for the output layer.

A similar matrix notation can be used for the calculation of the final output, given by the forward-propagation
equations:

710l — ylolT glnl 4 plol (16)
0 = glol(zll)

in which:
- 7101 is the vector containing the intermediate output in the output layer;
- Wl is the matrix containing the weights of the neurons in the output layer;
- bl°l is the vector containing the biases of the neurons in the output layer;
- g'°! is the activation function for the output layer;
- O is the output containing the coordinates (x,y) calculated by the neural network.

A feed-forward shallow neural network can be used for regression problems (data fitting) and for pattern recognition,
using the same architecture shown in Fig. 9 with the only difference represented by the activation function. For example,
considering a regression problem, the activation function g must be a continuous function, like a linear function, a tanh
function or a sigmoid function in both layers, while, for pattern recognition, a discrete function like softmax must be
used in the output layer. The sigmoid function is mathematically defined as:

1

0(2) = = 17)

The softmax function is a function that turns a vector of K real values into a vector of K real values that sum to 1, so,
while the input values can be positive, negative, zero, or greater than one, the output are values between 0 and 1 and
can be interpreted as probabilities. If an input is small or negative, the sofimax turns it into a small probability, while
if an input is large, the corresponding output is a large probability. The soffmax function is mathematically defined as:

Zj

o(2); = ZKe—leZ) (18)
1:

where all the z; are the elements of the input vector z and can take any real value. The term on the bottom of the for-
mula is the normalization term which ensures that all the output values of the function will sum to 1. K is the number
of classes in the multi-class classifier. The softmax function and the sigmoid function are similar. The softmax oper-
ates on a vector while the sigmoid takes a scalar and can be considered a special case of the softmax function for a
classifier with only two input classes.
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Hidden Output

Input
3
10

Fig. 10: MATLAB representation of a Shallow Neural Network used for data fitting, with two layers, a sigmoid transfer func-
tion in the hidden layer and a linear transfer function in the output layer’.

Output

Fig. 10 and Fig. 11 show a MATLAB representation of a Shallow Neural Network used for data fitting (linear
transfer function in the output layer) and for pattern recognition (softmax transfer function in the output layer) respec-
tively.

Hidden Output
Input Output
4 3
30 3

Fig. 11: MATLAB representation of a Shallow Neural Network used for pattern recognition, with two layers, a sigmoid transfer
function in the hidden layer and a softmax transfer function in the output layer’’.

The shallow neural network is a supervised learning model in which, after the initialisation of weights and biases
(matrixes W and W°! and vectors b!™ and b[M), for example according to Xavier®®, a training phase must be
performed in order to set the value of weights and biases on the basis of a training subset data with known output. This
phase is an iterative procedure implemented by means of several possible algorithms840,

Each training algorithm contains:

1. aforward step that performs the forward-propagation equations (15) and (16);
2. a backward step that updates the weights and thresholds values to close in on the known output of
training data.

Three learning algorithms were compared.

- Levenberg-Marquardt;
- Bayesian Regularization;
- Scaled Conjugate Gradient.

The Levenberg-Marquardt is a second order training algorithm used for non-linear optimization problems with faster
convergence™. It considers a loss function F represented by a sum of squared errors:

F=Ye? (19)

Here e; is the error (distance between real and predicted data) for the impact i and the sum is computed on all
training samples. At each iteration £:
1.the Jacobian matrix J of the loss function F is calculated deriving each error e; with respect to each weight
and bias of the neural network;
2.the algorithm adjusts the weights as shown in the expression below:

Wipr = Wi — Uil + D Ui ex) (20)

where wy, is the vector of weights and biases at iteration k, «; is the learning rate and / is the identity matrix. The
Bayesian Regularization algorithm provides better solution and generalization, at the cost of taking longer. The up-
date of weights and biases and the minimization of the loss function F are similar to that of the Levenberg-Marquardt
method, but the problem is converted to a statistical problem, involving a probability distribution of weights®”.

The Scaled Conjugate Gradient algorithm was developed by Moller*’, that simplified the other conjugate gradient
methods by removing the line search at each iteration. Therefore, this method avoids the time-consuming line search
and just searches along conjugate directions which lead to faster convergence.
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4. Results and discussions
4.1 Specimen 100x100 cm

Considering the 100x100 cm panel, in a first analysis the polynomial regression model was applied to the dataset.
The B calculation and the corresponding MRE estimating were performed by the mean in a K-Fold cross validation
procedure, considering 5 different combinations of training/test sets with an 80/20 ratio. This procedure was applied
to polynomial models with different degrees: Fig. 12 shows MRE trends for (i) entire dataset (yellow curve), (ii) train-
ing set of 80% (blue curve) and (iii) test set of 20% (red curve) of it.

10°¢
f —e—Training MRE|
——Test MRE
Total MRE
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14
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Fig. 12: Radial Error vs Complexity for 100100 cm panel.
The best model, in terms of generalization, was chosen considering both minimum total MRE and minimum gap

between training and test MREs. This condition occurs with degree equal to 3. So, the degree equal to 3 was chosen
for the analysis related to best training set size, as shown in Fig. 13.
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Fig. 13: Radial Error vs Training size for 100x100 cm panel.

By keeping the same test set size of the previous analysis (20% of the entire dataset), it’s clear that it’s necessary to
train the model with the maximum number of samples, that is 134 (80% of the entire dataset). After the evaluation of
the training size, a bias-variance diagnosis was performed in order to confirm the best polynomial degree of the model

(Fig. 14).
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Fig. 14: Bias-Variance trade-off vs Complexity.

As shown in Fig. 14, the degree equal to 3 is the best in terms of error and generalisation, because it corresponds to
the minimum MSE, BIAS? and VAR; lower and higher degrees lead to underfitting or overfitting, as explained by
Bishop?’. After the bias-variance diagnosis and then of the best choice of polynomial degree and training size, a 50
tests campaign was performed, with the calculation of Mean Radial Error (MRE) on an average of 50 cases with
polynomial degree equal to 3 and the following random division of data:

- training set: 80%;
- test set: 20%.

Different test cases gave very different results, with MRE values from 5.48 mm (the best one) to 27.45 mm (the
worst one). It is clear that the ToFs (used as the basis for the machine learning features) are very different from each
other and the algorithm "struggles" to find correspondences between them and then to “trace” a curve that best fits
such different data. Fig. 15 shows a single test case.
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Fig. 15: Regression model test case (blue points for actual impact positions, orange points for predicted ones).

Still considering the 100x100 cm panel, in a second analysis the performances of the shallow neural network were
evaluated over the entire dataset, with the following parameters:
- no features scaling;
- two layers with:
o asigmoid transfer function in the hidden layer;
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o alinear transfer function in the output layer;

- three learning algorithms:
o Levenberg-Marquardt;
o Bayesian Regularization;
o Scaled Conjugate Gradient;

- maximum number of epochs (iterations): 1000;

- Mean Radial Error (MRE) calculated on an average of 50 test cases with the following random division of

data:
o training set: 70%;
o testset: 30%.
Each network configuration was trained by MATLAB train function®’, increasing the complexity of the model in
terms of number of neurons in the hidden layer: 10, 20, 30, 40, 50.

Table 1: Shallow neural network 100100 cm panel best results

Number of neurons Training method MRE [mm]
30 Levenberg-Marquardt 6.74

30 Bayesian Regularization 3.08

20 Scaled Conjugate Gradient 26.06

The best result was obtained by training with Bayesian Regularization algorithm and 30 neurons, with a MRE equal
to 3.08 mm, as shown in Table 1, while Fig. 16 shows a test case.
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Fig. 16: Shallow neural network model test case for a 100x100 panel with Bayesian Regularization training (blue points for
actual impact positions, orange points for predicted ones).

4.2 Specimen 100x100 cm with “L-shape” single stringer

Subsequently, the same neural network and the same comparisons were applied to the experimental data obtained
from the impacts on a 100%100 panel with a 1 mm thickness “L-shape” aluminium stringer fixed in the centre.

Table 2: Shallow neural network 100x100 cm panel with “L-shape” single stringer best results

Number of neurons Training method MRE [mm]
30 Levenberg-Marquardt 9.86
30 Bayesian Regularization 4.24

20 Scaled Conjugate Gradient 28.10
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As in the case of the 100%100 panel without stringer, the best result was obtained training with Bayesian Regulari-
zation algorithm and 30 neurons, with an MRE equal to 4.24 mm, as shown in Table 2, while Fig. 17 shows a test case.
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Fig. 17: Shallow neural network model test case for a 100100 panel with a 1 mm thickness “L-shape” stringer and Bayesian
Regularization training (blue points for actual impact positions, orange points for predicted ones).

Therefore, the Bayesian Regularization training confirms its effectiveness and precision, at the cost of more com-
plex algorithm and longer execution time. In Table 3 a deep comparison between the two scenarios (100%100 cm panel

with and without stringer), with the same neural network configuration and the same analysis, is shown.

Table 3: Error comparison between panels

Without Stringer With Stringer
Mean Error Min Error Max Error Mean Error Min Error Max Error
3.09 mm 1.93 mm 6.18 mm 4.24 mm 3.16 mm 6.44 mm

The presence of the reinforcement worsens the error, even if the mean one (4.24 mm) falls between the minimum
(3.09 mm) and the maximum error (6.18 mm) of the case without reinforcement. The reason for the deterioration in
performance lies in the fact that the features used by the machine learning algorithm are not consistent in the two
scenarios:

- without stringer, all the ToFs are obtained from direct impact-sensor waves;
- with stringer,
o 2 out of 4 ToFs are obtained from direct impact-sensor waves;
o 2 out of 4 ToFs are obtained from impact-reinforcement-sensor «transmitted» waves.

In order to quantify the difference described above, an impact located in the “left” side and a sensor bonded in the
“right” size of the panel of the panel were considered. The choice of the impact-sensor pair was made evaluating all
the dataset, so as to identify a significant feature (ToF difference between the sensor and a reference one).

The M2 impact location and the 4th sensor were chosen (impact number 105/167), to have a distance (that is the
wave path) of 49 cm (Fig. 18). The ToF without stringer was equal to 14.650 milliseconds, while the ToF with stringer
was equal to 14.648 milliseconds; in absence of a reference clock signal however only their difference is significant,
that is equal to 2.07 microseconds. Therefore, in the presence of reinforcement, the arrival time is shorter and the wave
(orange plot) is anticipated in time with respect to the propagation without reinforcement (blue plot), as shown in
MATLAB representation (Fig. 19).
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Fig. 18: Impact-sensor pair.
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Fig. 19: Zoom of differences between signals traveling on simple plate (blue) and on reinforced plate (orange).

The behaviour described below was confirmed by a simulation with dynamic characterization made in ANSYS (Fig.
20 and Fig. 21), where three scenarios were considered:
1. absence of reinforcement;
2. "glued" reinforcement;
3. reinforcement fixed with rivets.

Fig. 22 shows that the red and orange waveforms (propagation with reinforcement) are anticipated if compared to
the blue one (propagation without reinforcement) and then the peaks "come first", with consequent shorter arrival time.

By concentrating the analysis on A0 and SO modes, the impact on the reinforcement generates reflected and trans-
mitted modes, that travel at the same speed as the direct modes in the propagation inside the plate*'. The explanation
of the different arrival time is that the wave (and therefore the A0 mode on which the ToF is measured) travels faster
only within the reinforced area, where the thickness has doubled.
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Fig. 20: Finite elements model of reinforced plate.
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Fig. 21: Finite elements simulations to highlight the different wave propagations without (a) or with (b) the stringer.
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Fig. 22: Differences between numerical signals traveling from impact location M2 to one sensor directly (blue plot) and
through the stiffener (orange and red plots).

Further confirmation was provided in MATLAB by the computation of dispersion curves, in which, considering the

propagation of A0 mode at 40 kHz (frequency chosen for the ToF evaluation), the following speeds were calculated:
- in the plate zone without stringer (thickness of 1.2 mm): 1135 m/s;
- in the plate zone with stringer (thickness of 2.2 mm): 1590 m/s.

Considering the M2 impact, its distance from 4th sensor is equal to 49 cm, of which 48 cm in the plate zone without
stringer and 1 cm in the plate zone with stringer. According to the speed provided by the dispersion curves, the follow-
ing propagation times were obtained:

- plate without stringer: 49 cm in 431.72 microseconds;

- plate with stringer: 49 cm in 429.20 microseconds, of which:
o in the plate zone without stringer: 48 cm in 422.91 microseconds;
o in the plate zone with stringer: 1 cm in 6.29 microseconds.

Summarizing, the total arrival time without stringer was equal to 431.72 microseconds, while the total arrival time
with stringer was equal to 429.20 microseconds, with 2.52 microseconds of difference. This result is very close to the
ToF difference calculated from the experimental measurement (2.07 microseconds): it confirms the explanation above.

4.3 Specimen 100x100 cm with three “L-shape” stringers
4.3.1  Localisation

Subsequently, the shallow neural network was applied to the experimental data obtained from the impacts on a
100x100 panel with three “L-shape” aluminium stringers (1 mm thickness) fixed at equally spaced positions.

Table 4: Shallow neural network error for a 100x100 panel with three “L-shape” stringers with Bayesian Regularization training

Number of Neurons Mean Error Min Error Max Error
30 8.88 mm 6.29 mm 14.81 mm
40 8.80 mm 5.75 mm 13.94 mm

In this scenario, with Levenberg-Marquardt and Scaled Conjugate Gradient training algorithms the MRE largely
exceeded 15 mm for any number of neurons, while, as in the previous cases, the best result was obtained training with
Bayesian Regularization algorithm but with a number of neurons equal to 40, as detailed in Table 4. Fig. 23 shows a
test case.
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Fig. 23: Shallow neural network model test case for a 100x100 panel with three 1 mm thickness “L-shape” stringer and Bayesian
Regularization training (blue points for actual impact positions, orange points for predicted ones).

Therefore, in presence of three stringers, the phenomenon explained before is “multiplied”, causing about twice the
error. In order to improve the prediction, 40 neurons were kept in the hidden layer, but another hidden layer was added
to the shallow neural network, obtaining a custom neural network (Fig. 24). This more complex network was applied
to the dataset, with the following parameters:

- Z-Score features scaling;
- three layers with:
o asigmoid transfer function in the first hidden layer and in the second one;
o alinear transfer function in the output layer;
- Bayesian Regularization learning algorithms;
- maximum number of epochs (iterations): 1000;
- Mean Radial Error (MRE) calculated on an average of 50 test cases with the following random division of
data:
o training set: 70%;
o testset: 30%.

Hidden 1 Hidden 2 Output

Fig. 24: MATLAB representation of a custom neural network used for data fitting, with three layers, a sigmoid transfer function
in the hidden layers and a linear transfer function in the output layer.

Output

-

Each network configuration was trained by MATLAB train function®’, increasing the complexity of the model in
terms of number of neurons in the second hidden layer: 10, 20, 30, 40. The results are listed in Table 5, while Fig. 25
shows a test case.

Table 5: Custom neural network performances

2d Jayer neurons Mean error Min error Max error
10 7.43 mm 5.06 mm 11.54 mm
20 6.88 mm 5.18 mm 8.74 mm
30 7.08 mm 5.23 mm 9.21 mm

40 7.34 mm 4.73 mm 11.33 mm
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The best result was obtained with 20 neurons in the second layer, with a MRE equal to 6.88 mm. Therefore, the
increasing in network complexity improved the MRE of about 2 mm.
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Fig. 25: Custom neural network model test case for a 100x100 panel with three 1 mm thickness “L-shape” stringer and Bayesian
Regularization training (blue points for actual impact positions, orange points for predicted ones).

43.2  Energy classification

The following analysis was to apply machine learning algorithm in order to predict the energy of an impact. In the
third scenario (100x100 panel with three “L-shape” aluminium stringers), according to the grid described in Section 2,
167 impacts were generated at three different heights (10, 20, 40 cm), corresponding to three different increasing
energies, with each equal to double the previous one.

Processing the waveforms acquired by the four sensors, for each impact and for each height, the energy of the waves
(as power integration) was calculated. In this way, a new database was built and four features became the inputs for
the model.

In a first step all previous regression algorithms were applied to this database, but the implemented models were not
able to predict the correct energy levels. It is noteworthy that the presented problem (with only three energy levels) can
not be solved by a regression approach, but it can be better represented as a pattern recognition one, in which classify
inputs according to target classes. Therefore, a feed forward pattern recognition neural network was chosen, with
Bayesian Regularization training algorithm, that had provided the best precision in the previous predictions.

The performances of the neural network were evaluated over the entire dataset, with the following parameters

- Z-Score features scaling;
- two layers with:
o asigmoid transfer function in the hidden layer;
o asoft max transfer function in the output layer;
- maximum number of epochs (iterations): 1000;
- Classification Error (CE) calculated on an average of 50 test cases with the following random division of data:
o training set: 70%;
o testset: 30%.

Each network configuration was trained by MATLAB train function®’, increasing the complexity of the model in
terms of number of neurons in the hidden layer: 10, 20, 30, 40, 50.

The best result was obtained by training with Bayesian Regularization algorithm and 30 neurons, with a CE equal
to 1.2%. Fig. 26 shows the confusion matrix related to a test case.
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Fig. 26: Confusion matrix of a test case for a feed forward pattern recognition neural network with Bayesian Regularization
training and 30 neurons in the hidden layer.

4.4 ML model implementation on impact localisation mini-device
The custom neural network (Fig. 24) identified as the best ML model for the 100x100 panel with three “L-shape”

stringers was deployed on the Raspberry Pi based system described above.
An experimental campaign was carried out in order to verify the functionality of the impact localisation mini-device.

Dataset Dataset

o Impacts © Impacts
% Actual Impact 3‘:% Actual Impact
Prediction Prediction

AP Ceoeoleoo o0 o000 AL ®o0o/jo 0 o0 0le 0O

cf- e o 0lco 000 0l0oo o er PRIFY PRFSF SRS PRIPSIPY

of oo 00 ol oo 00

el e oo 0loe o0 000 e el APEIPY P28 20-2PY PRIPRIPY

e ojle o ole = e o ofe

G 00000000%00. Gr ®e © © 000 ¢ 000 |0 © ©

HE o0 0 al o0 0

He L d I e00ee c0e ¢ ooe ococe

r 30000 KE ® coedocccdeccedoce o

s 0c0c0 oee ¢ coo ccece wl cc000 b4

ol © © o/cee ¢ c000|0 0 o of e o o H

of PSR4 PSS JPSE-1 HPar Pr 4 4

al oo |00 al oo 1

st R R A e I st oo o ®

of Oo ole e o0 ol e of Oe e ®

01234567 8 91011121314151617181920 012345678 91011121314151617181920



20 - Chinese Journal of Aeronautics

[5) Dataset ® Dataset
Impacts Impacts
Actual Impact Actual Impact

Prediction Prediction
S: Oo ele o oo ole e AT O o ole o & 0 0/l ¢ O
of ceccjocsecionn of ®ocleseecicoce
g paaat 11Tk 03t 11 1hdn: i Pt 11 I0E 1903 11 Ihab:
ar ® o oj0ee ¢ 2000 00 er hdhdRd had-4F 45-4dd AR AR
i 00000 (000 © o0o cocce i 00000000 3 00000000
<F o 00000000800000000 o KL 0 00000000200000000 ¢
ul 00000 (000 ¢ 00e cocee ME 000001002 21200 %0000
ol o o o|loee & se0 ® or hARA- Foadd dhdd-4 bR
af ..32.3.3%. ar ....:...:....
Sl 0000 4% olo oo ik '.%......'
of Oo ole o o e 0l ¢ T Oe 1R ARARd RARAIY
EEEEE INENE NNERE RN 012845678 0101121314151617181020

01234567 891011121314151617181920

Fig. 27: Custom neural network model test cases for a 100x100 panel with three 1 mm thickness “L-shape” stringers, deployed
on onboard impact localisation mini-device (blue points for actual impact positions, orange points for predicted ones).

The presented results in Fig. 27 highlight the reason that make the approach interesting: the ML model provides an
excellent output by using Raspberry Pi system, in terms of impact location prediction. Another fundamental aspect
concerns weight and power absorption of the mini-detection system. In fact, the Raspberry Pi is connected to two mini
BitScope oscilloscopes, with a total weight of 120 g, that is negligible compared to 2.5 kg, i.e., the weight of the
primary detection system (laptop and Picoscope oscilloscope). The same comparison affects the current consumption:
the Raspberry Pi and the two BitScope oscilloscopes are USB devices (5 V required) with a total max current absorption
of 1 A per each device. The total max power absorption is equal to 15 W, that is negligible compared to 100 W max
required by of the primary detection system.

In conclusion, in the authors opinion, the elegance, simplicity and low cost of the ML model make it particularly
interesting for smart aircraft applications.

4. Conclusions

This work focused on the determining the location of low-speed impacts. The present study is independent of the
material, just needs four sensors and applies two type of Machine Learning algorithms on three different aluminium
plates: 100x100 cm, 100x100 cm with “L-shape” single stringer and 100x100 cm with three “L-shape” stringers. The
main conclusions from this study can be summarized as follows.

(1) A dataset of 167 impacts was created and polynomial regression algorithm and shallow neural network were
applied to the simple 100x100 cm plate. The best polynomial degree, in terms of error and generalization, was
found to be equal to 3, while the best neural network training algorithm was found to be the Bayesian Regular-
ization.

a. The best polynomial regression MRE was equal to 5.48 mm.
b. Applying the shallow neural network, the best result was obtained with 30 neurons, with a MRE
equal to 3.08 mm.

(2) Only the shallow neural network was applied to a 100100 cm plate with “L-shape” single stringer, obtain-
ing the best result with Bayesian Regularization algorithm and 30 neurons, with an MRE equal to 4.24 mm.

a. The presence of the reinforcement worsens the error. The transmitted waves travel faster only within
the reinforced area, where the thickness has doubled.

b. The behaviour described below was confirmed by a simulation with dynamic characterization made in
ANSYS and by experimental measurement.

(3) The shallow neural network was applied to the experimental data obtained from the impacts on a 100%100 panel
with three “L-shape” aluminium stringers fixed at equally spaced positions.
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a. In presence of three stringers, the phenomenon explained before is “multiplied”, causing about twice
the error.

b. In order to improve the prediction, 40 neurons were kept in the hidden layer, but another hidden layer
was added to the shallow neural network, obtaining a custom neural network that provided a predic-
tion with MRE equal to 6.88 mm.

(4) Eventually, 167 impacts were generated on the 100x100 panel with three “L-shape” aluminium stringers at
three different heights, 10, 20, 40 cm, corresponding to three different increasing energies. A feed forward
pattern recognition neural network was applied to dataset built above in order to predict the impact energy in
terms of Classification Error (CE) calculated on an average of 50 test cases, obtaining the best CE equal to
1.2%.

The results can be considered excellent, in terms of mean radial error, that falls in an acceptable range if compared
to the relative grid step in each scenario, and in terms of energy classification error, under 2%. These results demon-
strate the validity of the Machine Learning application to the impact characterization: its simplicity and computing
efficiency make this approach fully applicable to the processing of acoustic signals in SHM systems.

This work presents the development of an innovative mini-equipment able to detect impacts, process data and predict
via ML learning software running on a Raspberry Pi micro-computer. This mini-system can be considered very efficient
because of its performance in terms of precision and for its little size. It can be installed on board an aerial vehicle,
making it a smart aircraft equipped with an Artificial Intelligence decision-making system.
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