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Abstract
In the aerospace industry, Structural Health Monitoring (SHM) systems are essen-
tial to optimize maintenance and prevent catastrophic failures. This work aims to
improve the accuracy of damage localization using the Acoustic Emissions (AE)
technique, overcoming the intrinsic limitations of the ∆T method applied to com-
posite materials (CFRP) compared to isotropic materials. The main objective is to
localize the source of the damage within a target area of approximately 20 × 20mm,
developing and comparing the ∆T method with a Machine Learning algorithm based
on Random Forest.
The experimental campaign, conducted at the DLR, analyzed two test plates, one
made of aluminum and one made of composite material. On aluminum, the ∆T
method confirmed high accuracy with an error of 5.61 mm. On the CFRP plate,
the intended target was successfully achieved in the internal area circumscribed by
the sensors, where the ∆T method recorded an average error of 17.92mm and a lo-
calization radius of 20.83 mm (with 95% confidence). Evaluating the entire surface
of the CFRP plate, the Random Forest algorithm achieved an accuracy of 34.17 mm
and 68.19 mm of radius, outperforming the standard ∆T on the global area. The
results validate the effectiveness of the methodology in the area circumscribed by the
sensor network, providing a solid basis for future implementations on more complex
aerospace structures.
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Nomenclature

Acronyms
SHM Structural Health Monitoring
CFRP Carbon Fiber Reinforced Polymer
MRO Maintenance, Repair and Overhaul
BVID Barely Visible Impact Damage
NDT Non-Destructive Testing
AE Acoustic emission
MARSE Measured Area of Rectified Signal Envelope
RMS Root Mean Square
DTM Delta T Mapping
TOA Time of Arrival
ASTM American Society for Testing and Materials
AI Artificial Intelligence
AR Auto-Regressive
AIC Akaike Information Criterion
MAIC Maeda’s Akaike Information Criterion
CWT Continuous Wavelet Transform
QI Quasi-Isotropic
POL Probability of Localization
H-N Hsu-Nielsen
ANN Artificial Neural Network
DSP Digital Signal Processing
MAF Moving Average Filter
DWT Discrete Wavelet Transform
FIR Finite Impulse Response
SNR Signal to Noise Ratio
RSS Residual Sum of Squares
CWT Continuous Wavelet Transform
CB Confidence Bound

Symbols

A Signal amplitude
N Signal counts
Et Absolute energy of a AE burst
R Signal rise time
∆T Difference in time of arrival
C(n, 2) Possible pairs
L∆Tref

Iso-∆T curve
ΩP Plate domain
ϵ Tolerable deviation in ∆T
KN Closest neighbor
X Random input vecrtor
χ Features space
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RP P dimensional Euclidean space
Y Response variable
E Expected value
m(x) True regression function
Dn Training set
mn Estimation of the Regression Function
Θ Independent random variable
⊮ Indicator Function
E Expectation respect to Θ
D∗

n(Θj) set of data points selected
Nn(x; Θj, Dn) number of point
An(x; Θj, Dn) cell containing x
e Neper number
S(x) Sigmoid
Slower Lower limit sigmoid
Supper Upper limit sigmoid
y data vector
q percentile
Pq(y) q-th percentile
inf Lower limit
R Set of real numbers
E90|95 Radius associate to 95% confidence in localization
f(n) Discrete signal
S(n) Approximation functions
d(n) Detail function
h(n) FIR low-pass filter
g(n) FIR high-pass filter
fn Frequency limit
ψ(t) Mother wavelet
g(t) Time dependent signal
γ Wavelet coefficient
T DWT threshold
H Hilbert transform
π Pi number
an Arbitrary complex scalars
c Constant value
sgn() Sign function
F Fourier Transform
sUSB(t) Upper sideband signal
sLSB(t) Lower sideband signal
ga(t) Complex analytical signal
E(t) Hilbert function envelope
L Maximum likelihood estimate
σ Variance
µ Mean value
t Time vector
ζa,b(x) CWT mother wavelet
t Time vector
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ζF T Fourier transform of ζ
Cζ Condition of admissibility parameter
d Distance
(xc, yc) Centroid coordinates

Indexes
X Abscissa axis
Y Ordinate axis
i Natural number
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Introduction
In the global scenario, the aerospace industry is growing rapidly, in particular the
commercial flights branch. It is estimated that global air traffic will double by 2035
(source: AIRBUS Global Market Forecast 2016-2035), along with earnings, the costs
relating to the management and maintenance of aircraft will also increase propor-
tionally. The focus is particularly on maintenance, repair and overhaul (MRO) costs
which represent around 10 − 15% of an airline’s operating costs. In an attempt to
reduce these costs and downtimes, systems are being developed for the continuous
monitoring of structural health which are called Structural Health Monitoring sys-
tems.
The Structural Health Monitoring (SHM) is a system, which detect the various kind
of damage and failure induced in the structure, also interpretation and assessment of
the damage induced in the engineering structure in order to improve its reliability[1].
Simply integration of a non-destructive evaluation system into a structure for dam-
age and failure prediction in the structure is called the SHM.
Structural Health Monitoring (SHM) aims to give, at every moment during the life
of a structure, a diagnosis of the “state” of the constituent materials, of the different
parts, and of the full assembly of these parts constituting the structure as a whole
[2]. The state of the structure must remain in the domain specified in the design,
although this can be altered by normal aging due to usage, by the action of the
environment, and by accidental events. Thanks to the time-dimension of monitor-
ing, which makes it possible to consider the full history database of the structure,
and with the help of usage monitoring, it can also provide a prognosis (evolution
of damage, residual life,etc.). It involves the integration of sensors, possibly smart
materials, data transmission, computational power, and processing ability inside the
structures. It makes it possible to reconsider the design of the structure as a part
of wider systems.

Figure 1: Principle and organization of a SHM system

In Figure-1, the organization of a typical SHM system is given in detail. The first
part of the system, which corresponds to the structural integrity monitoring func-
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tion, can be defined by:

• the type of physical phenomenon, closely related to the damage, which is
monitored by the sensor,

• the type of physical phenomenon that is used by the sensor to produce a signal
(generally electric) sent to the acquisition and storage sub-system.

Several sensors of the same type, constituting a network, can be multiplexed and
their data merged. The signal delivered by the integrity monitoring sub-system,
in parallel with the previously registered data, is used by the controller to create
a diagnostic. Mixing the information of the integrity monitoring sub-system with
that of the usage monitoring sub-system and with the knowledge based on damage
mechanics and behavior laws makes it possible to determine the prognosis (residual
life) and the health management of the structure (organization of maintenance,
repair operations, etc.). Finally, similar structure management systems related to
other structures which constitute a type of super system (a fleet of aircraft, a group
of power stations, etc.) make possible the health management of the super system.
Workable systems can be set up even if they are not as comprehensive as described
here.
SHM, like Non-Destructive Evaluation (NDE), can be passive or active [3].
If the experimenter has equipped the structure with both sensors and actuators,
the second one can generate perturbations in the structure, and then, the sensors
monitor the response of the structure. In such a case, the action of the experimenter
is “active monitoring”. If the experimenter is just monitoring this evolution thanks
to the embedded sensors, we can call his action “passive monitoring”. For SHM, this
sort of situation is encountered with Acoustic Emission (AE) techniques.
Through the use of AE technique, structures can be monitored in real time given
that signals are emitted immediately when a crack occurs. These signals can also
be analyzed in real time using to generate information regarding the nature of the
crack or energy source [4]. AE techniques will be the main topic on which the thesis
work is based, expecially its implementations and uses for impact localization over
plate-like structures.
In particular, the following chapters will have the task of highlighting:

• Chapter 1 - Acoustic Emission: defines acoustic emission and takes up in depth
the concepts relating to AE techniques which will then be implemented later.

• Chapter 2 - Probability of Localization: the theoretical aspects related to the
probability of localization will be discussed, together with the methodology
with which it will be applied to the results.

• Chapter 3 - Signal Processing and Features Extraction: the filtering methods
of the acquired signal are exposed and subsequently how the key information
for the localization of the AE will be extracted.

• Chapter 4 - Experimental Campaign: the experimental setup is introduced
with the test articles used and the hardware and software instrumentation to
acquire the AE signals

• Chapter 5 - Aluminum Plate Analysis: clarifies the methodology utilized for
the localization of impact sources on the aluminum plate, in particular the
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signal filtering techniques, TOA calculation and implementation of the ∆T
method

• Chapter 6 - CFRP Plate Analysis: the studies carried out on the aluminum
plate are repeated on the CFRP plate, highlighting the differences between the
two analyses. In particular, the novelty of the sensor pairs’ regions of influence
will be exposed and how it combines with the classic ∆T method. Subse-
quently, the developed techniques will also be tested on H-S impact sources.
The chapter concludes with the testing of machine learning localization algo-
rithms and the comparison between the two types of approaches.

• Chapter 7 - Futures Perspectives: a second CFRP test article will be pre-
set. The same experiments as on the first have been performed, but it is not
analyzed yet.
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1 Acoustic Emission
The definition of AE as given by ASTM E1316 (2014) is “The class of phenomena
whereby transient elastic waves are generated by the rapid release of energy from a
localized source or sources within a material, or the transient wave(s) so generated”.
Acoustic emission or stress wave emission describes the acoustic stress waves that
emerged as a result of a rapid release of energy because of the microstructural
changes that occur in materials[5]. Starting since 1950 with the work of Joseph
Kaiser, researchers investigated the essentials of AE, established instrumentation
particularly for AE, and considered the AE behavior of numerous resources [6]. AE
was starting to be recognized for its exclusive competences as a NDT technique
intended for checking dynamic procedures. Two types of analysis can be considered
by AE. One is under time domain waveform which is related to basic parameter
in a time domain of testing and the second is frequency domain waveform which
considers the signal parameters with upcoming recorded frequency under testing.
The extensively used signal measurement parameters in AE signal examination are
counts, duration, amplitude, rise time, and the measured area under the corrected
signal envelope that is also called relative energy [7].

• Amplitude: It is represented usually with A and shows the highest peak of
the voltage signal. This is identical significant characteristic since it openly
controls how much the AE event is detectable. Amplitude of the AE signal
is immediately related to the magnitude of the source and varies over a wide
range from micro volts to volts. According to Unnþórsson [9], the amplitudes
of AE are usually mentioned in decibel scales.

• Counts: commonly are presented by N. When the amplitude of the signal
is larger than the threshold, the number of pulses emitted by measurement
circuitry is defined as N. Counts strongly rely on the AE properties and rever-
berant nature of the sensor and specimen material.

• Hits: when a signal exceeds the threshold, consequently a system channel
accumulates data, this signal is known as the hit and describes an AE event.
The number of events or hits per time determines the event rate. Both number
of hits and number of counts determines the quantity of an AE activity.

• Duration: The time interval between a signal trigger and the time it reduces
below the threshold value is known as the duration of the signal.

• MARSE Energy: Measured Area of the Rectified Signal Envelope is known as
MARSE and sometimes represented by E and referred to as energy counts.
This area is the zone below the envelope of the signal which is rectified and
measured from the sensor. Energy is preferred over counts since it is sensitive
to amplitude as well as duration, and it relies fewer on the threshold loca-
tion and functioning frequency. Absolute (true) energy also is resulting from
squared voltage signal divided by reference resistance of 10 kΩ over the time
duration of acoustic emission waveform packet. This parameter indicates the
true energy of an AE event from transient signals or of certain data rate in-
terval of continuous AE signals. The absolute energy of a detected AE burst
signal commonly expressed in atto-joules (1 aJ = 10−18 J) and values can be
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mentioned in logarithmic scales (dB, decibels). The energy is defined as

Et = 1
2

∫ t2

t1

∮ 2

+
(t)dt− 1

2

∫ t2

t1

∮ 2

−
(t)dt (1)

• Rise time: is presented by R and defines the time interval between the max-
imum amplitude of the burst signal and the first threshold crossing. This
parameter is frequently used when time dependent processes such as vibration
or dynamic loading are involved.

• Threshold: is a kind of set up parameter which is used for the elimination
of electronic background noises. Its main objective is to eliminate as much
background noise as it can. However, a balance should be struck so that the
threshold does not also eliminate signals that are weak but useful given that
background noises are characterized by low amplitude.

AE are widely used in the SHM field, in the course of the discussion we will focus
in particular on AE localization techniques for Two-Dimensional (2D) Structures
[10]. Their purpose is to define an area within which the presence of the source is
estimated so as to be able to limit the area to be inspected for any damage.
Among the most used methods we find triangulation method, beam forming, ∆T
method and machine learning.
The triangulation method uses the time difference between the sound wave and
different sensors to locate the sound source. The triangulation method has the
following requirements: (1) wave velocity is constant in the medium; (2) arrival
of the wave signal can be caught perfectly; (3) a straight wave path; (4) sensor
locations are accurately determined; and (5) it requires a lot of sensors. Recent
studies conducted by Kanakaraj [11] report a high accuracy in the localization of
AE inside a concrete block, reaching an absolute error on centimeter level. The
constraint on the isotropy of the material remains.
Going further, the beamforming method was first proposed by McLaskey for sound
source localization [12]. The core principle is that the transmitting end will weight
the data to be sent and then form a focused narrow beam, which is like a laser
beam and directly points towards the target receiving user. The main purpose of
doing so is to enhance the signal strength sent to the target user, reduce signal
attenuation during propagation and significantly improve the demodulation signal-
to-noise ratio of the target user, especially for users located at the edge of the
cell with relatively weak signals. The beam forming method has been successfully
applied in multiple fields such as sonar, telecommunications, radar, sound source
recognition and localization. In the most recent studies we can find those conducted
by Tai [13], proposed a method to determine the position of a sound source in an
anisotropic structure by using an L-shaped transducer array. The test was carried
out on a homogeneous thin-walled steel plate with the size 700 × 700 × 5 mm. The
accuracy achieved through the use of the fast Bartlett beamforming algorithm is
around 2 mm on X and Y . The limitations are (1) that it requires a large number
of sensor groups; (2) when comparing the shape of signals in beam forming, all
sensors in the array should have similar amplitude and phase responses; and (3)
to avoid spatial aliasing, the beam forming array needs to have a relatively small
aperture.
Regarding the last two methods mentioned, ∆T method and machine learning, they
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are widely used in the aerospace sector for the localization of AE, thanks to their
high precision and reliability. In the next sections we will go into detail about the
methods, their implementation and motivations.

1.1 ∆T method
Before examining the methodology it is necessary to clarify what the term ∆T refers
to. By ∆T we refer to the difference in wave time of arrival (TOA) between pairs of
different sensors. The Time of Arrival is defined by Prof. Christian Grosse as the
absolute time when particular phase of an acoustic emission signal signal (usually
the very first wave onset) arrives at a sensor. Corrections could be required for the
sensor/instrument death time (caused by electronic delays) and also for noise (ran-
dom vibrations caused by other sources) influencing the accuracy of onset detection.
It can be calculated in various ways as we will see later, for example using threshold
trespass, Maeda’s Akaike Information Criteria or Continuous Wavelet Transform.
Having laid the foundations, it is now possible to go into the details of the method-
ology implementation. There are five steps associated with this location method,
which are detailed below [14]:

• Determine area of interest: The ∆T source location method is not envisaged
as a method for source location for complete coverage of a part or structure.
Though this would be possible, it would be time consuming and would not be
justified by the improvement in location. It is suggested that ∆T source loca-
tion is used as a tool to improve source location around important/complicated
areas, including areas where high stress levels are predicted. Therefore, the
first step in the ∆T location process is to determine areas of interest on the
structure. A further advantage of this method of source location is that new
areas of interest can be added during or post test and therefore active areas
identified by TOA can also be more accurately assessed using the ∆T source
location method, supporting the proposal to run other types of location in
parallel.

• Construct grid: a grid is constructed on the component in which future AE
events will be located; the higher the resolution of the grid, the greater the
accuracy of this method. Higher resolution, up to a point, will result in better
location. From basic wave theory it is only possible to locate to within 1 sensor
diameter of the source. It is important to note that the grid does not have to
be in the same orientation as the sensors monitoring it. Sources are located
with reference to the grid applied to the structure and not the sensor location.
The sensor location is not required to locate the source.

• Conduct artificial source events to obtain time of arrival data: artificial source
events are conducted at nodes in the grid to provide the AE time of arrival
at each sensor; the time of occurrence of the source is not required. Several
events at each node are required to provide an average result and to allow
erroneous data to be removed from the data set. Practical work has shown
that at least five events at each node are required to provide reliable data. It
is not essential to have event data from every point in the grid and the grid
density can be increased in complex areas if required. Missing data points can
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be interpolated from the nodes in the surrounding area.

• Calculate ∆T maps: For each artificial source event, a difference in time of
arrival or “∆T” can be calculated for each sensor pair. Having a number n of
sensors available, the possible pairs will be:

C(n, 2) =
(
n

2

)
= n(n− 1)

2 (2)

An average ∆T is calculated for each grid node. This information is then
interpreted to develop the grid or map for each sensor pair. These maps
display contour lines of equal ∆T for each pair of sensors. Interpolation can
be used to increase the density the grid.

Figure 2: Iso-∆T curves for sensors pair 1-2 associate to different ∆T

• Compare actual data : By calculating the ∆T for each sensor pair from an
actual AE event, a line can be constructed on each ∆T map displaying possible
source locations. The line referring to a certain ∆T is defined as the locus of
the points to which a ∆T equal to the reference one corresponds to less than
an ϵ deviation.

L∆Tref
= {P (x, y) ∈ ΩP | |∆T (x, y) − ∆Tref | ≤ ϵ} (3)

with L∆Tref
is the line (or region) that represents the locus of the points

associated with the reference ∆T, P (x, y) ∈ Ω indicates a generic point (P )
with coordinates (x, y) belonging to the plate domain (ΩP ), ∆T (x, y) is the ∆T
calculated for that specific point in space, ∆Tref is the reference ∆T (usually
the one measured experimentally between the pair of sensors) and ϵ is the
maximum tolerated deviation.
By overlaying results from each of the sensor pairs, a convergence point is
identified, indicating the source location. A minimum of three sensors are
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required to provide a point location. Using more sensors will increase the
confidence of location estimation. Theoretically all lines will cross at one
location, however, as with all practical tests, the reality is that not all lines
will cross at the same point.

Figure 3: AE localization using iso-∆T curves intersection

The advantage of this method is it involves no assumptions regarding wavepaths and
wavespeeds nor any in-depth theoretical calculations. The studies conducted by Al-
Jumaili and Safaa Kh. [16] in 2016 represent a valid example of implementation.
They conducted two tests. The first was conducted on a simple geometry specimen
made from 20 mm thick ASTM 516 gr 70 steel with overall dimensions of 90 mm×
2 m, within this specimen two geometric features were present; the first was 4.4 mm
wide and 10 mm deep v-notch and the other was a 20 mm diameter half circle cut.
The second test was conducted on an aerospace grade 2024-T3 aluminium plate,
with dimensions of 370 × 200 mm with a thickness of 3.18 mm. The specimen
contained a series of differing diameter circular holes. On both test articles, 10 H-S
sources were produced on 10 different points, the localization accuracy on the first
specimen reached 3.13 mm while on the second it stopped at 3.88 mm.
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1.2 Machine learning
The term machine learning refers to the subset of artificial intelligence (AI) based
on algorithms capable of "learning" patterns from training data and subsequently
making accurate inferences on new data [17]. This pattern recognition capability
allows machine learning models to make decisions or predictions without explicit,
coded instructions.
This algorithm involves a target or result variable, also known as the dependent
variable, which may be predicted based on a specific collection of predictors, also
known as independent variables. With this set of variables, we construct a function
that maps inputs to the intended output. The training procedure persists until the
model attains the desired degree of accuracy in the training data. The supervised
learning techniques commonly used for regression analysis include decision tree, ran-
dom forest, closest neighbor (KN), and logistic regression.
Unsupervised learning is used when there is data accessible solely in the input form
and no corresponding output variable. These algorithms utilize statistical models to
analyze the fundamental patterns inside the data in order to gain a deeper under-
standing of its characteristics. Clustering is a prominent category of unsupervised
algorithms. This technique involves the identification of intrinsic groupings within
the data, which are then utilized to forecast the output of hidden inputs.
Reinforcement learning is utilized when the objective is to make a sequence of choices
that lead to a final reward. Throughout the learning process, the artificial worker is
given either rewards or penalties based on the acts it carries out. The objective is to
optimize the overall reward. Examinations encompass the acquisition of knowledge
related to playing computer games or carrying out activities involving robots, with
the overarching objective. By employing this method, the machine undergoes train-
ing to produce precise determinations. An instance involves subjecting the device
to a setting where it consistently improves its performance by undergoing repeated
trials and adjustments [21].
These types of algorithms have only recently been used in SHM and in particular
in AE localization, but they are finding widespread use in industry thanks to the
advantage of not requiring knowledge of the wave speed and therefore being able
to be implemented on composite structures. Its disadvantage is that it requires
a large amount of data and high computational requirements [18]. In the litera-
ture it is possible to find various examples of implementation both on articles made
of isotropic and composite materials. Referring to the experiments conducted by
Kim in 2014 [19], on both aluminum and composite plates of variable dimensions
(900 × 900 mm2 and 600 × 600 mm2) an error between 9.8 mm and 1.9 mm was
obtained. We find further confirmation in T.Fu’s studies [20], which he used a
backpropagation artificial neural network for AE source localization from the data
collected by a prismatically arranged sensor matrix on an anisotropic carbon fiber
polymer plate (300 mm × 300 mm × 1.8 mm).The average error encountered was
only 4.3 mm, and the test point of the maximum error was 6.4 mm.
In this chapter and subsequent applications we will focus mainly on random forest
algorithms. Below are reported a brief but precise explanations of the random trees,
which represent the fundamental constituents of the random forest, and then of the
random forest itself.
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1.2.1 Decision Trees

Decision Trees are a technique utilized in the fields of Statistics, data mining, and
machine learning. It falls within the category of supervised machine learning. Data
analysis technology categorizes data into different entities that are potentially asso-
ciated with a specific procedure. There are two categories of such entities: contract
and paper.
The supervised learning approach employs the decision tree as a prediction model
to examine the observations of an item in the branches and deduce the target value
of the item in the leaves. The decision nodes symbolize the segmentation of data,
while the sheets symbolize the outcomes.
The following is the operational process of the terminal for your attention.

• The root node: the starting point of the decision tree. The root node symbol-
izes the complete dataset, which is partitioned into two or more groups that
can be compared.

• Leaf node: correspond to the ultimate result.

The algorithm is unable to further divide the tree once it reaches the leaf node.
Splitting refers to the process of separating the root node or decision node into
distinct sub-nodes based on specific parameters. Pruning is the act of removing
superfluous branches from a tree. By eliminating irrelevant branches, one can reach
a conclusion much more quickly.
The parent node is the root node of the tree, while the other nodes are its children.
A subtree is created when the primary tree is divided, resulting in new subtrees and
branches.

Machine learning encompasses two primary categories of decision trees, which are
distinguished by the goal variable:

1. Classification Trees: specific kind of decision tree that can handle discrete
values for the target variable. The decision tree is based on a categorical
variable, with the possible value being "yes" at the first position. It eliminates
the outcome following the evaluation of the provided data. A classification or
judgment tree is an example of a tree structure that has two or more branches,
each dependent on a distinct set of values

2. Regression Trees: specific kind of Decision Tree that can handle target vari-
ables with continuous values. The decision tree is designed to handle continu-
ous variables, where the values can be represented as real numbers. Typically,
the creation of a regression tree includes utilizing inputs that consist of a mix-
ture of continuous and discrete variables. Every decision node examines the
input to evaluate the value of the variable. The regression tree utilizes a binary
recursive division method. At each iteration, the data is divided into parts,
which are then further divided into smaller groups when ascending the branch.

1.2.2 Random Forest

Random forests can be used either for a categorical response variable, such as "classi-
fication", or a continuous response, referred to as "regression". Similarly, expectation
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variables can be either categorical or continuous. From a computational point of
view, random forests are attractive because they:

• Naturally cope with both regression and classification (multilayer),

• Relatively quick to train and predict,

• Only depend on one or two adjusting parameters,

• Have a built-in Estimate of the generalization error,

• Can be used directly for high dimensional problems,

• Can be easily implemented in parallel.

Random forest is a machine learning technique that combines numerous decision
trees to reduce the correlation among feature data. Simultaneously, the computa-
tional cost of RF is O(n) (n represents the number of samples) when dealing with
huge amounts of data. Additionally, the technique can be executed in parallel due
to this integration, resulting in increased speed [21].

Now a concise mathematical presentation of the algorithm for building a random
forest is provided.
The general framework is nonparametric regression estimation, in which an input
random vector X ∈ χ ⊂ RP is observed, and the goal is to predict the square
integrable random response Y ∈ R by estimating the regression function m(x) =
E[Y|X = x]. With this aim in mind, we assume we are given a training sample
Dn = ((X1, Y1), ..., (Xn, Yn)) of independent random variables distributed as the
independent prototype pair(X, Y ). The goal is to use the data set Dn to construct
an estimate mn : χ −→ R of the function m. In this respect, we say that the regression
function estimate mn is (mean squared error) consistent if E[mn(X) − m(X)]2 −→
0 as n −→ ∞ (the expectation is evaluated over X and the sample Dn).

A random forest is a predictor consisting of a collection of M randomized regression
trees. For the j-th tree in the family, the predicted value at the query point x
is denoted by mn(x; Θj, Dn), where Θ1, ...,ΘM are independent random variables,
distributed the same as a generic random variable Θ and independent of Dn. In
practice, the variable Θ is used to resample the training set prior to the growing of
individual trees and to select the successive directions for splitting. In mathematical
terms, the j-th tree estimate takes the form

mn(x; Θj, Dn) =
∑

i∈D∗
n(Θj)

⊮xi∈An(x;Θj ,Dn)Yi

Nn(x; Θj, Dn) (4)

where D∗
n(Θj) is the set of data points selected prior to the tree construction,

An(x; Θj, Dn) is the cell containing x, and Nn(x; Θj, Dn) is the number of (pres-
elected) points that fall into An(x; Θj, Dn).

At this stage, we note that the trees are combined to form the (finite) forest estimate:

mM,n(x; Θ1, ...,ΘM , Dn) = 1
M

M∑
j=1

mn(x; Θj, Dn) (5)
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Since M may be chosen arbitrarily large (limited only by available computing re-
sources), it makes sense, from a modeling point of view, to let M tends to infinity,
and consider instead of the (infinite) forest estimate:

m∞,n(x,Dn) = EΘ[mn(x; Θ, Dn)] (6)

EΘ denotes the expectation with respect to the random parameter Θ, conditional
on Dn. In fact, the operation “M −→ ∞” is justified by the law of large numbers,
which asserts that almost surely, conditional on Dn,

lim
M−→∞

mM,n(x; Θ1, ...,ΘM , Dn) = m∞,n(x;Dn) (7)

[22].
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2 Probability of Localization
The Probability of Localization (POL) is calculated based on the method of the
classical Probability of Detection (POD) approach derived from MILHDBK1823
[39].
In the following sections the POL is referred as the confidence in AE localization
associated to a certain width of the localization area. The intent is to find the radius
E90|95 that identifies an area in which the impact occurs with a 95% confidence for
90% of tests.
The steps to compute the POL and E90|95 are listed below.

(1) Logistic curve definition: after obtaining the localization error values for the
test points, is possible to extract thought regression the parameters x0 and k of the
sigmoid that best fits the data trend.

S(x) = 1
1 + e−k(x−x0) (8)

defining:

• x: localization error (or radius)

• k: slope

• x0: median value of test localization error

By definition the sigmoid has asymptote at 0 and 1 therefore it needs to be scaled
between 0% and 100% (percentage of tests).

(2) Bootstrap: a random number of values are selected M times from the localization
error vector. For each set of random values the sigmoid is constructed (step (1))
and the results are saved in the columns of an n × M matrix, n is the number of
points describing the curve. In this way we simulate the real variability that would
occur when carrying out various tests.

(3) Bootstrap percentile interval definition: the average sigmoid is extracted from
the matrix as the average of the values along the rows and represents the center of
the confidence interval. The sigmoids representing the upper and lower limits are
the curves associated with the 2.5 (lower) and 97.5 (upper) percentiles calculated
starting from the n×M matrix.

Slower = P2.5(Y)
Supper = P97.5(Y)

(9)

Defining Slower and Supper as limit sigmoid, Y as the n × M matrix, P2.5 and P97.5
indicate the statistical operator of the 2.5th and 97.5th percentile:

Pq(y) = inf
{
y ∈ R | 1

n

n∑
i=1

⊮{yi≤y} ≥ q

100

}
(10)

Now the average sigmoid and the two limits have been obtained. To adapt them to
the real problem, the asymptotes at y = 0% and y = 100% are eliminated, forcing
the curve to take on a value of x = 0 at y = 0% and a finite value (depends on the
maximum value in the error dataset) at y = 100%.
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Through this procedure we obtain an interval in which other possible sigmoids as-
sociated with new experimental datasets fall with a probability of 95%.

(4) E90|95 definition: the radius E90|95 sought represents the value assumed by the
upper limit sigmoid Supper at y = 90%.
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3 Signal Processing and Features
Extraction

3.1 Signal Processing
Processing of Acoustic Emission signal is an essential operational phase in Structural
Health Monitoring, necessary to transform the raw data acquired by the sensors
into usable diagnostic information. In aeronautical contexts, the signals originating
from an impact on a CFRP plate are inevitably superimposed on various sources of
disturbance such as low frequency mechanical vibrations or electromagnetic noise
induced by the instrumentation itself.
Noise filtering constitutes the first and most delicate step of post-processing. Its aim
is to maximize the Signal-to-Noise Ratio while rigorously preserving the physical
characteristics of the transient wave (such as arrival time, peak amplitude, rise
time and spectral content), which are the strictly necessary input parameters for
localization algorithms.

In this chapter we examine moving average filter, discrete wavelet filter and Hilbert
transform filter that will be then implemented in subsequent analyses.

3.1.1 Moving Average Filter

Moving Average is the most common used in DSP, even if is one the most easy to
implement it is is optimal for reducing random high frequency noise while retaining
a sharp step response [23].
As suggested by the name, the filter operate by averaging a fixed number of point
of the input signal, that constitute the averaging window, to produce each point in
the output signal:

y[i] = 1
M

·
M−1∑
j=0

x[i− j] (11)

expressing y[i] as the filter output point corresponding to i-th time instant, M is the
size of averaging window, x[ ] are the value of raw input signal.

Figure 4: MAF 20 point symmetrical window
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The average window can be dynamically positioned around the time instant, for
example is possible to position the window on one side, giving importance to what
happens only before or after the i-th time:

y[80] = x[80] + x[81] + x[82] + x[83]
4 (12)

or symmetrically with half of the points on both side:

y[82] = x[80] + x[81] + x[82] + x[83] + x[84]
5 (13)

In this way the output point is equally influenced by what happened before and
after over time, but due to the finitude of the signal using a symmetrical window
fail on the edge of the input signal because whether we are at the beginning or the
end we will lack one or more point for the average process, that’s why a dynamically
positioned window may prove to be the best approach.

(a) rectangular pulse with random noise (b) MAF 20 points window

(c) MAF 50 points window

Figure 5: Example of different window size MAFs applied over a rectangular pulse
with random noise

Let’s now delve deeper into the issue of noise reduction while keeping the sharpest
step response.
In panel (a), the signal is a pulse obscured by random noise. Panels (b) and (c) show
how applying a moving average filter smooths the signal: it successfully reduces the
noise amplitude (a positive effect), but also blurs the signal’s sharp edges (a negative
trade-off). Among all possible linear filters, the moving average offers the lowest
noise level for a given edge sharpness.
The degree of noise reduction is proportional to the square root of the number of
points used in the average. For instance, using a 100-point moving average filter
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results in a tenfold noise reduction.
Suppose we want to design a filter with a fixed edge sharpness, defined by a step
response rising over eleven points. This constrains the filter kernel to have exactly
eleven coefficients. The key optimization question becomes: how should we choose
these eleven values to minimize output noise?
Because the noise is random and uniformly distributed across all input points, no
sample holds more importance than another. Assigning higher weight to any single
input would not improve noise reduction. Therefore, the lowest noise is achieved by
treating all input samples equally, as the moving average does. This makes it the
premier filter for time domain encoded signals.
However, the moving average is the worst filter for frequency domain encoded signals,
with little ability to separate one band of frequencies from another. Relatives of the
moving average filter include the Gaussian, Blackman, and multiplepass moving
average. These have slightly better performance in the frequency domain, at the
expense of increased computation time.

3.1.2 Discrete Wavelet Filter

The wavelet transform represents an alternative approach to the Fourier transform,
instead of employing infinite-duration sine and cosine functions, the wavelet trans-
form utilizes waveforms of finite duration, known as wavelets [35]. A wavelet is
characterized by a limited temporal support, zero mean, and typically exhibits ir-
regular and asymmetric behavior.
Wavelet analysis is based on a windowing technique with variable-sized regions,
enabling long time windows for accurate low-frequency analysis and short time win-
dows for high-frequency resolution. This property is referred to as multiresolution.
Compared to the Fourier transform, the wavelet transform provides the ability to
perform localized signal analysis, detect trends and discontinuities in higher-order
derivatives, and allow signal compression and denoising with minimal energy loss.
The discrete wavelet transform (DWT), as introduced by Mallat (1989), decomposes
a discrete signal, f(n) into a hierarchical set of orthogonal components: approxima-
tion functions, S(n) and detail functions d(n).
The approximation components, corresponding to the high-scale (low-frequency)
part of the signal, are obtained through a finite impulse response (FIR) low-pass
filter h(n), while the detail components, representing low-scale (high-frequency) in-
formation, are extracted using an FIR high-pass filter g(n).
At each decomposition level, the signal is passed through the two complementary
filters, resulting in two sub-signals: S1(n) and d1(n). The approximation S1(n) is
further decomposed into S2(n) and d2(n), and the process continues iteratively up
to the desired level [24].
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Level Frequencies Samples
3 0 to fn/8 4
3 fn/8 to fn/4 4
2 fn/4 to fn/2 8
1 fn/2 to fn 16

Table 2: Frequency range associated with level decomposition

Figure 6: Signal decomposition using DWT at different levels

To avoid redundancy and limit the number of samples, the decomposition includes
a downsampling step, which retains every other sample. This operation introduces
spectral overlap between approximation and detail components, which can be miti-
gated by selecting appropriate filters for both the decomposition and reconstruction
stages.
At each level in the above diagram the signal is decomposed into low and high fre-
quencies. Due to the decomposition process the input signal must be a multiple of
2n where n is the number of levels.
For example a signal with 32 samples, frequency range 0 to fn and 3 levels of de-
composition, 4 output scales are produced.
After each level of decomposition we will get a detail coefficient that describe the

signal in a specified frequency range.

Figure 7: Frequency domain representation of the DWT

Reconstruction is achieved through an inverse process that includes upsampling—i.e.,
the insertion of zero-valued samples between data points—followed by filtering, al-
lowing the original signal to be perfectly reconstructed from its components.
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Figure 8: Signal reconstruction using DWT at different levels

The reconstruction involves using another set of low-pass, h′(n), and high-pass,
g′(n), FIR filters. The choice of h(n), g(n), h′(n), and g′(n) defines the type of
mother wavelet used as Haar or Daubechies wavelets.
Before exploring the features of different mother wavelets, Let’s delve deeper into
the connection between a mother wavelet and the detail coefficient obtained at level
j.
In the case of the discrete wavelet transform, the mother wavelet ψ(t) is shifted and
scaled by powers of two:

ψjk(t) = 1
2j
ψ

(
t− k2j

2j

)
(14)

where j is the scale parameter and k is the shift parameter, both integer.
Defining the time dependent signal g(t) of length 2n, the wavelet coefficient γ of g(t)
is the projection of the signal onto a wavelet:

γjk =
∫ +∞

−∞
x(t) · ψjk(t) dt (15)

respect to equation (4):

γjk =
∫ +∞

−∞
x(t) · 1

2j
ψ

(
t− k2j

2j

)
dt (16)

Fixing the scale j, the coefficient γk can be seen as as a convolution of x(t) with a
dilated, reflected, and normalized version of the mother wavelet ψjk(t), sampled at
the point 1, 2j, 2 · 2j, ..., 2n, this is the precisely definition of the detail coefficients
give at level j of the discrete wavelet transform.
Let’s now analyze Daubechies wavelets features.
The Daubechies wavelets are a family of orthogonal wavelets defining a discrete
wavelet transform and characterized by a maximal number of vanishing moments
(certain quantitative measures related to the shape of the function’s graph), A, for
some given domain. With each wavelet type of this class, there is a scaling function
(called the father wavelet) which generates an orthogonal multiresolution analysis.
In general the Daubechies wavelets are chosen to have the highest number A of
vanishing moments, (this does not imply the best smoothness) for given support
width (number of coefficients) 2A. There are two naming schemes in use, DN using
the length (D2, D4,..), and dbA referring to the number of vanishing moments (db2,
db4,...).
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Each wavelet has a number of zero moments or vanishing moments equal to half the
number of coefficients. For example, D2 has one vanishing moment, D4 has two, etc.
A vanishing moment limits the wavelets ability to represent polynomial behaviour
or information in a signal. For example, D2, with one vanishing moment, easily
encodes polynomials of one coefficient, or constant signal components. D4 encodes
polynomials with two coefficients, i.e. constant and linear signal components; and D6
encodes 3-polynomials, i.e. constant, linear and quadratic signal components. This
ability to encode signals is nonetheless subject to the phenomenon of scale leakage,
and the lack of shift-invariance, which arise from the discrete shifting operation
during application of the transform.
For instance, the first four filter coefficients for the fourth-order Daubechies wavelet
(Db4) referred to the previous graphs are given by:

Figure 9: Db wavelets

h(n) = [−0.0106, 0.0329, 0.0308, −0.1870, −0.0280, 0.6309, 0.7148, 0.2304]

(17)
g(n) = [−0.2304, 0.7148, −0.6309, −0.0280, 0.1870, 0.0308, −0.0329, −0.0106]

(18)
h′(n) = [0.2304, 0.7148, 0.6309, −0.0280, −0.1870, 0.0380, 0.0329, −0.0106]

(19)
g′(n) = [−0.0106, −0.0329, 0.0308, 0.1870, −0.0208, −0.6309, 0.7148, −0.2304]

(20)

In signal analysis with the DWT is possible to determine the detail level or detail
coefficient in a certain frequency range that contain most of the noise, using a soft
thresholding function based on standard deviation of the coefficient is possible to
reduce the noise in the signal:

soft thresholding(x, T ) =
sign(x) · (|x| − T ), if |x| > T

0, otherwise
(21)
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where T is referred as threshold. Therefore the wavelet coefficients with an absolute
value lower than the threshold T are deleted; the higher ones are reduced in module,
maintaining the main data structure.

Figure 10: Denoising with db6 DWT

3.1.3 Hilbert Transform Filter

The Hilbert transform H[g(t)] of a signal g(t) is defined as

H[g(t)] = g(t) ∗ 1
πt

= 1
π

∫ ∞

−∞

g(τ)
t− τ

dτ = 1
π

∫ ∞

−∞

g(t− τ)
τ

dτ. (22)

The integral is improper due to a singularity and infinite limits [25]. Thus, the
Hilbert transform is defined as the Cauchy principal value, whenever this value
exists:

H[g(t)] = 1
π

lim
ε→0+

(∫ t−ε

t−1/ε

g(τ)
t− τ

dτ +
∫ t+1/ε

t+ε

g(τ)
t− τ

dτ

)
. (23)

Cauchy principal value is obtained by considering a finite range of integration that
is symmetric about the point of singularity, but which excludes a symmetric subin-
terval, taking the limit of the integral as the length of the interval approaches ∞
while, simultaneously, the length of the excluded interval approaches zero.

Let’s analyze some basic property of Hilbert transform.
Clearly the Hilbert transform of a time-domain signal g(t) is another time-domain
signal ĝ(t).

Linearity: if a1 and a2 are arbitrary (complex) scalars, and g1(t) and g2(t) are signals,
then

H[a1g1(t) + a2g2(t)] = a1ĝ1(t) + a2ĝ2(t). (24)

Transform of a constant signal: for any constant value c

H[c] = 0. (25)
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Time shifting and scaling:

H[g(t− t0)] = ĝ(t− t0), H[g(at)] = sgn(a)ĝ(at). (26)

Convolution:
H[g1(t) ∗ g2(t)] = ĝ1(t) ∗ g2(t) = g1(t) ∗ ĝ2(t).

Time derivative: Hilbert transform of the derivative of a signal is the derivative of
the Hilbert transform

H
[
d

dt
g(t)

]
= d

dt
H[g(t)]. (27)

Interaction with the Fourier Transform: The signal 1/(πt) has Fourier transform

F
[ 1
πt

]
= −j sgn(f), (28)

where sgn is the sign function:

sgn(f) =


1 if f > 0
0 if f = 0
−1 if f < 0

(29)

so −j sgn(f) is a piecewise-defined complex function:

−j sgn(f) =


−j if f > 0
0 if f = 0
j if f < 0

(30)

A Hilbert transform ĝ(t) has as Fuorier transform:

F [ĝ(t)] = Ĝ(f) = −j sgn(f)G(f). (31)

That is, in the frequency domain, the Hilbert transform does not change the mag-
nitude of G(f), but it changes only the phase:

• For f > 0, it multiplies by −j, which corresponds to a phase shift of −π/2.

• For f < 0, it multiplies by +j, corresponding to a phase shift of +π/2.

The function −j sgn(f) represents an ideal phase-shifting filter that implements the
Hilbert transform in the frequency domain; this property is particularly useful when
used to generate the analytical signal, it allows the envelope to be calculated without
introducing delays.

Energy spectral density: suppose that g(t) is an energy signal, since

|Ĝ(f)| = |G(f)|. (32)

both Ĝ(f) and G(f) have exactly the same energy spectral density. If G(f) is
bandlimited to [ ]Hz then so is Ĝ(f). It also follows that ĝ(t) has exactly the same
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energy as g(t).

Symmetry: if g(t) is real-valued, then G(−f) = G∗(f), and Ĝ(−f) = Ĝ∗(f). Recall
that if g(t) is even (so that g(−t) = g(t)) then G(f) is purely real-valued while if
g(t) is odd (so that g(−t) = −g(t)) then G(f) is purely imaginary-valued. Now
if G(f) is purely real-valued then certainly Ĝ(f) is purely imaginary-valued (and
vice-versa). Thus if g(t) is even, then ĝ(t) is odd and if g(t) is odd, then ĝ(t) is even.

Orthogonality: if g(t) is real-valued and square integrable:

⟨g(t), ĝ(t)⟩ = 0 (33)

Low-pass × High-pass:

If G(f) = 0 for |f | ≥ W , and H(f) = 0 for |f | < W , then:

H[g(t)h(t)] = g(t)ĥ(t) (34)

to compute the Hilbert transform of the product of a low-pass signal with a high-
pass signal, only the high-pass signal needs to be transformed.

Amplitude-Modulated Signals:

H[g(t) cos(2πfct+θ)] =
[
g(t) ∗ cos(2πfct)

πt

]
cos(2πfct+θ)+

[
g(t) ∗ sin(2πfct)

πt

]
sin(2πfct+θ).

(35)

Inverse Hilbert Transform: the inverse Hilbert transform is given by applying the
Hilbert transform again, and negating the result

g(t) = −H[ĝ(t)] = −ĝ(t) 1
πt
, (36)

in general we need to include an additive constant to the result:

g(t) = −H[ĝ(t)] = −ĝ(t) 1
πt

+ c, (37)

but assuming g(t) and ĝ(t) are zero mean signal the constant c is zero:

H[H[g(t)]] = −g(t) (38)

Single-Sideband Modulation:

Define:
g+(t) = 1

2[g(t) + jĝ(t)], g−(t) = 1
2[g(t) − jĝ(t)].

These give:
G+(f) = G(f)u(f), G−(f) = G(f)u(−f).

Upper and lower sideband signals:

sUSB(t) = g(t) cos(2πfct) − ĝ(t) sin(2πfct),
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sLSB(t) = g(t) cos(2πfct) + ĝ(t) sin(2πfct).

Let’s now discuss about some practical implementation in acoustic emission and
impact localization of the Hilbert Transform.
The complex analytical signal is:

ga(t) = g(t) + j · ĝ(t) (39)

This signal has only positive frequency components, and provides instantaneous
amplitude and instantaneous phase.
The envelope is defined ad the module of the analytical signal:

E(t) = |ga(t)| =
√
g(t)2 + ĝ(t)2 (40)

This curve follows the instantaneous energy content of the signal without alter the
energy spectral density, highlighting the impulsive emission event and is particular
robust to noise.
The envelope is particularly useful for:

• calculate the time of arrival thresholding directly on the amplitude thanks to
the robustness to noise

• being always positive, the time interval between two zeros allows to highlight
the temporal duration of the event

• distinguish multiple events and determine the time of arrival

Figure 11: Comparison filtered signal and Hilbert envelope
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3.2 Features Extraction
Once the signal has been filtered from the noise, theoretically the information re-
maining within it refers exclusively to the AE. In order to continue with the analysis
it is necessary to extract that information from the signal in the form of characteristic
quantities. Some of them related to AE have already been mentioned in Chapter-1,
but in the following subsections we will focus on the TOA (defined in Section-1.1)
extraction methods, subsequently implemented in the experimental analyses. In par-
ticular we will delve into the methodologies of threshold trespass, Maeda’s Akaike
information criteria (MAIC) and continuous wavelet transform.

3.2.1 Threshold Trespass

Currently, among the methods for picking the TOA of AE waveforms, the fixed-
threshold method still holds a dominant position. This method determines the
TOA as the moment when the signal amplitude first reaches a pre-set threshold.
Due to its simple implementation process and relatively high picking efficiency, it is
widely adopted in practical applications.

Figure 12: ToA identification using fixed-threshold method

However, for signals with a low-SNR, due to the influence of noise interference,
the fixed-threshold method has obvious deficiencies in the accuracy of TOA picking
[32], because using a high threshold level will lead to inaccurate time of arrival
measurement, while a lower threshold value will increase the ability to pick the
accurate waveform onset but also increases the risk of a false trigger.

3.2.2 Maeda’s Akaike Information Criteria

The AIC function compares the signal entropy before and after each point in a
signal and returns a minimum at the signal onset where the greatest difference is
seen between the high entropy random noise seen prior to signal onset and the low
entropy structured signal after onset. AIC is a robust measure to select the best
approximating model of given models and is an Auto-Regressive (AR) time picking
algorithm. This criterion has been widely used in seismology to investigate the onset
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of seismic waves [33]. There are two different formulas when calculating AIC.
The first is:

AIC = −2 · ln(L) + 2k (41)
where L is the maximum likelihood estimate for the model and k is the number of
fitted parameters in the model.
The other is:

AIC = n · ln
(
RSS

n

)
+ 2k (42)

where the new parameter RSS is the residual sum of squares of the model and n is
the sample size. Alternatively, the AIC can be calculated in a direct way of time
series itself without using the AR coefficients, which was proposed by Maeda [31].
The minimum value of AIC represents the onset point.
The equation is defined as:

AIC(k) = k · log(σ2
1(x(1, k))) + (N − k − 1) · log(σ2

2(x(k + 1, N))) (43)

where:

• x = x1, x2, ..., xN : discrete amplitude values of recorded signal

• L: signal length (number of samples)

• N=L/2: half signal size

• k = 1, 2, ..., N − 1: index of possible wave ToA

• first signal window variance: σ2
1(k) = 1

k

∑k
i=1(xi − µ1(k))2

• second signal window variance: σ2
2(k) = 1

N−k

∑N
i=k+1(xi − µ2(k))2

• mean value first signal window: µ1(k) = 1
k

∑k
i=1 xi

• mean value second signal window: µ2(k) = 1
N−k

∑N
i=1+k xi

Basically the Maeda’s AIC evaluate the difference in the variance between two signal
window (x(1 −→ k) and x(k −→ N)) varying the k parameter from 1 to N. The AIC(k)
function has a global minimum that represent the time value in which TOA occurs:

kT OA = min(AIC(k)) (44)

Time(T OA) = t(kT OA) (45)
with t representing the time vector.
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Figure 13: Maeda’s AIC TOA detection

3.2.3 Continuous Wavelet Transform

The wavelet transform is a method to decompose a real signal f into a set of elemen-
tary waveforms that provide a way to analyze the signal by examining the wavelet
coefficients. The continuous wavelet transform (CWT) of f is defined by:

CWTf (a, b) =
∫ ∞

−∞
f(x) · ζ−

a,b(x)dx, a > 0, b ∈ R (46)

where the mother wavelet is:

ζa,b(x) = 1√
a

· ζ ·
(
x− b

a

)
(47)

and ζ is the complex conjugate of ζa,b, a is the scaling factor (dilation or compres-
sion), and b is the translation factor (time shift). The continuous wavelet transform
has the property to be invertible if the condition of admissibility is respected:

Cζ =
∫ ∞

−∞

|ζF T |
|v|

dv < ∞ (48)

with ζF T the Fourier transform of ζ.
Under this admissibility condition, the inverse wavelet transform can be calculated:

f(x) = 1
Cζ

∫ ∞

a=0

∫ ∞

b=−∞

1
|a|2

· CWT (a, b) · ζa,b(x) da db (49)

Examples of famous continuous wavelet[34]:
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ζ(x) = e−πx2 · e10iπx

Figure 14: Morl mother wavelet

ζ(x) = 2
√

3σπ 1
4

(
1 −

(
t

σ

)2)
· e− t2

2σ2

Figure 15: Ricker/Mexican-hat mother wavelet

Concerning the graphical representation of the wavelet coefficients of the CWT, is
possible to plot the energy of the signal computed using the square modulus of the
continuous wavelet transform, named the scalogram [35], which is equivalent to the
spectrogram for wavelet.
The scale axis is expressed in frequency, using the relation between scale and fre-
quency:
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Figure 16: Scalogram (bottom) of the signal (top) composed of four sinusoidal
functions at four different frequencies

Regarding the TOA extraction, we select a certain frequency window, the central
frequency serves as the tunable parameter and the TOA correspond to the time
when the CWT amplitude trespass an imposed threshold (another tuning param-
eter). This maximum CWT amplitude indicates that TOA is extracted from the
dominant waves at that specific frequency and connects more closely to the wave
group velocity[36].
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4 Experimental Campaign
The experimental campaign took place entirely in the Braunschweig headquarters
of the German national research center-DLR, within the lightweight systems labo-
ratory, under the supervision of M.Sc. A. Bayoumi and M.Sc. M. Moix-Bonet.
During the campaign, two samples were examined, one is represented by an isotropic
aluminum plate and the other is an anisotropic plate in composite material. Both
plates had no structural complexity or noticeable defects.
The aim of the experiments was to obtain the signal data deriving from impact’s
AE on a grid of points reported on the plates, in order to constitute the database
for the implementation of ∆T method (see Section-1.1) and for training of machine
learning algorithms (see Section-1.2.
The aspects common to both experiments on the two samples concern the acquisi-
tion system, the sensors, instruments used and positioning of the plate.
Starting from the positioning of the plate, both were fixed at the four corners on
an aluminum frame simulating the support boundary condition. The fixing of the
plates took place in the work surface of a machine with a numerically controlled
robotic arm, the position was not altered for the entire duration of the experiments.

Figure 17: Support frame and pins

The tool used to impact the surface is a spring-loaded plastic piston with a diameter
of approximately 1 cm. it was chosen as a source for its consistency in impact energy
and its ability not to damage the plates.

30



Figure 18: Plastic piston

The sensors used are receiving piezo-ceramic transducer in Lead zirconate titanate
PIC255.
The acquisition system is National instrument® device with a maximum of 8 input
channels. Before being recorded by the acquisition system and converted into digital,
the signal coming from the sensors passes through a deamplifier with 25 to 1 ratio.
The softwere used for data acquisition is DAQ_RapidEF_20240605 property of DLR
and developed by M.Sc. M. Moix-Bonet, the settings are:

0.13 sec acquisition window

2.0 × 106 sample per second

0.3 V threshold

Figure 19: DAQ_RapidEF_20240605 layout
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4.1 Aluminum Plate Experimental Set Up
The test article consist in a flat 1000 × 1000 mm aluminum plate without geomet-
rical complexity or defect. The grid on which the impact tests were carried out is
separated by 175 mm from the edges, with a total width of 650 × 650 mm.

Figure 20: Aluminum plate

Referring to Figure-20, the bottom left corner of the grid represents the origin of
the reference frame, the Y axis is upwards and the X axis is towards the right. The
plate was discretized with 196 grid nodes each one separated by 50 mm increment
on X and Y , 5 piezoelectric sensors are mounted at the following coordinates:

Sensor 1: x = 75 mm, y = 75 mm

Sensor 2: x = 575 mm, y = 75 mm

Sensor 3: x = 325 mm, y = 325 mm

Sensor 4: x = 575 mm, y = 575 mm

Sensor 5: x = 75 mm, y = 575 mm
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4.2 CFRP Plate Experimental Set Up
The CFRP plate was manufactured in German Aerospace Centre-DLR with a di-
mension of 0.57 m × 0.57 m and a nominal thickness of 2 mm. The corresponding
ply thickness is 0.125 mm. The prepreg M21 / 34 % / UD134 / T700 / 300 from
Hexply® was used to manufacture the plates with a quasi-isotropic (QI) layup of
[45 / 0 /−45 / 90 /−45 / 0 / 45 / 90]S, material properties of a single unidirectional
layer were measured based on standard test procedures [38].

CFRP plate I top CFRP plate I bottom

Figure 21: CFRP plate I configuration

The grid is identified by the internal square of 480 mm × 480 mm with a distance
of 45 mm between each side and the facing edge in order to reduce the boundary
reflection. The grid node separation is 15 mm on X and Y for a total number of
1089 nodes.
The sensors used are 6 receiving piezo-ceramic, glued on the bottom of the plate in
position:

Sensor 1: x = 80 mm, y = 90 mm

Sensor 2: x = 80 mm, y = 290 mm

Sensor 3: x = 80 mm, y = 390 mm

Sensor 4: x = 400 mm, y = 90 mm

Sensor 5: x = 400 mm, y = 290 mm

Sensor 6: x = 400 mm, y = 390 mm
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Figure 22: Piston, plate and robotic arm

Figure 23: Complete CFRP plate experimental set up
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5 Aluminum Plate Analysis
In this chapter we will discuss the methods of filtering the signal acquired through
the experiments, than the implementation of the ∆T method and finally the vali-
dation of the method through testing.

Figure 24: Aluminum plate digital model

The filtering sequence is obtained after investigation both on the type of filter and
the sequence, the presented results permit to achieve the best accuracy so far.

Figure 25: Unfiltered data acquired by 5 sensors on aluminum plate

The first filter is moving average on a 20 point window, symmetrical everywhere
except for the initial and terminal part of the signal where the window become
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asymmetrical due to lack of point in one of two sides.

Figure 26: Moving average filter

The difference generated is not so relevant in general because these parts of the
signal don’t contain any sort of information about the impact event: in the initial
part the plate is still waiting for the impact so the oscillations acquired are just noise
with zero mean value, the terminal part represent the end of oscillations so again
noise with zero mean value.

The next filter applied is Discrete Wavelet filter with sixth-order Daubechies wavelet
(Db6).

Db6 coefficient Value
h0 0.332670552950
h1 0.806891509311
h2 0.459877502118
h3 -0.135011020010
h4 -0.085441273882
h5 0.035226291882

With a sampling frequency of fS = 2×106 Hz we can scan the detail up to a various
range of frequency:

Level j Frequency Band
[
fs

2j+1 ,
fs

2j

]
d1 [500.000, 1.000.000]
d2 [250.000, 500.000]
d3 [125.000, 250.000]
d4 [62.500, 125.000]
d5 [31.250, 62.500]
d6 [15.625, 31.250]
a6 [0, 15.625]
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The filtering process is carry out by reducing the noise with a soft threshold based
on standard deviation of the detail level where is buried most of the noise.
In this particular case the detail level is the 4-th so giving a fixed value of 1.2 ×
σ(Detail level 4) as threshold we obtain a filter of this type (refer to Eq-21):

soft thresholding(x, σ(lv4)) =
sign(x) · (|x| − σ(lv4)), if |x| > σ(lv4)

0, otherwise
(50)

Figure 27: Approximation and detail Db6 filter

Suppressing all the noise contained in the detail level 4 before recomposition of the
signal.

Figure 28: DWF with Db6 filter and soft thresholding
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Last step before evaluating the time of arrival is applying the Hilbert transform filter.

Figure 29: Envelope of Hilbert transform

The envelope obtained by the transform is particularly robust to noise so it can give
information about the arrival in a more reliable way.

The methodology for AE localization is the ∆T method, fully described in Section-
1.1. We now turn our attention to the TOA extraction method chosen for this case.
The time of arrival computed in this section is based on trespassing of a fixed
threshold related to the energy of the waves. The particular combination of filter
is designed for maintaining the same amplitude of the peaks other than denoise the
signal, in this way the time of arrival is unchanged.

Figure 30: Comparison between unfiltered and filtered signal, focus on low reduction
on amplitude peaks

The threshold that can better indicate the arrive of the impact wave for this test
article is 0.6V .
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Figure 31: Hilbert envelope and threshold for calculating TOA

There is a redundancy of 4 impacts per each node so the final value of TOA associ-
ated to grid nodes will be the average value.
After obtaining the average arrival time of the wave at the various sensors for each
grid point, we move on to calculating the differences (∆T). Having 5 sensors avail-
able, the possible pairs are 10 (refer to Equation-2), therefore each node will have
10 ∆Ts associated with it. After interpolating the data over 3000 point obtaining
a finer mesh, we can isolate the iso-∆T curves corresponding to the imposed sen-
sor pair, a deviation (ϵ) of ± 10−8sec on ∆T is set as tuning parameter (refer to
Equation-3).

Figure 32: Iso-∆T curves for sensors pair 1-3 associate to different ∆T
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5.1 Testing
Proceed to test the developed algorithm with the following pipeline: (1) Test data
ingestion, (2) test node TOA extraction, (3) iso-∆T curves intersection and cluster-
ing for localization, (4) accuracy evaluation.

(1) Test data ingestion: a 10 point dataset is provided containing random grid nodes
in order to test the accuracy in clustering and localization.

Table 3: TEST POINTS

ID Coordinate [mm]

1 (150, 100)
2 (600, 150)
3 (150, 250)
4 (250, 300)
5 (250, 350)
6 (100, 400)
7 (500, 450)
8 (0, 550)
9 (550, 550)
10 (250, 650)

Figure 33: Test points on the plate configuration

(2) Test node TOA extraction: performed exactly as did with the grid point with
same tuning parameters.

(3) iso-∆T curves intersection and clustering for localization: selecting a test node
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we can extract the relative TOA per sensor, then compute the ∆T per each sensor
pair obtaining the respective 10 iso-∆T curves.

Figure 34: Iso-∆T curves for single ∆T considering all sensors pairs

ID Actual Coordinate [mm] Predicted Coordinate [mm]

1 (150, 100) (146.13, 102.75)
2 (600, 150) (591.55, 149.11)
3 (150, 250) (143.11, 248.38)
4 (250, 300) (250.21, 299.69)
5 (250, 350) (254.22, 355.41)
6 (100, 400) (105.01, 400.76)
7 (500, 450) (505.3, 448.46)
8 (0, 550) (6.01, 548.03)
9 (550, 550) (558.54, 548.85)
10 (250, 650) (251.69, 647.65)

Table 4: Actual and predicted coordinate

Thanks to the isotropic property and absence of additional complexity or defects
the curves generate only one common intersection that will be addressed as the
localization point.
Repeating for all the test point we obtain:
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Figure 35: Test point location and predicted location comparison

(4) accuracy evaluation: defining the error as the euclidean distance between pre-
dicted location ad actual location,

error [mm] =
√

(Xprediction −Xtest point)2 + (Yprediction − Ytest point)2 (51)

and accuracy and precision as mean error and standard deviation respectively:

Accuracy (µ) =
∑N

i=1 errori

N
(52)

Precision (σ) =
√∑N

i=1(errori − µ)2

N
(53)

we can reassume the results:
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ID error [mm]

1 4.75
2 8.5
3 7.08
4 0.38
5 6.87
6 5.13
7 5.52
8 6.33
9 8.62
10 2.89

Accuracy 5.61 mm
Precision 2.39 mm

Table 5: Localization error per test point, accuracy and precision

Figure 36: Interpolated localization error heat map for alluminum plate

5.2 Results Discussion
From a practical point of view we are interested in locating damage or defects
starting from approximately 20 mm× 20 mm dimension, and the results presented
in the Table-5 prove a really high accuracy in localization so the objective can
be considered satisfied. It is necessary to underline again the simplicity of the
model (isotropic, no complexity or defect, high grid point number) so the carried
out analysis is considered as a positive validation of the ∆T method algorithm
implemented.
In the next analysis on a CFRP plate we expect the same method to result in a lower
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accuracy due to the anisotropy of the material and the consequent difference in the
wave propagation pattern. The objective will therefore be to refine the localization
techniques in order to achieve an acceptable accuracy from an engineering point of
view.
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6 CFRP Plate Analysis
In this chapter, the challenge of localizing acoustic emissions on the CFRP plate
presented in Section-4.2 will be addressed. During the discussion we will see first
the implementation of the ∆T method, then the various techniques for enhancing
the method which represent the novelty of this work. Subsequently, a random forest
machine learning algorithm will be implemented and finally a comparison will be
performed between the various techniques in terms of E9095.

6.1 Application of ∆T Method
In this section is implemented the ∆T method for impact localization using all the
possible sensors pairs on the CFRP plate; the process pipeline is presented step by
step.

(1) Grid nodes signal processing: after acquired the experimental data through the
acquisition system is required to trim the data in order to consider the first wave
reaching the sensors and than filtering to increase the signal to noise ratio.
First step was led by Doc. Bayoumi using a DLR confidential code, while the
filtering step is performed exactly as did in Section-5.

Figure 37: CFRP Plate I digital model

(2) TOA extraction: the TOA is computed using threshold trespassing on CWT of
the signal (refer to Section-3.2.3), the implemented procedure is:

1. selecting the mother wavelet, in this case the morl shows better performance,

2. selecting the bandwidth where most of the energy is contained, for this signal
the carrier frequency is around 1000Hz so the band is selected as [400, 1600]Hz,
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Figure 38: Spectrogram of impact signal

3. selecting threshold ratio, it is the tuning parameter for the TOA picking and
represent the ratio between the amplitude threshold and absolute maximum
signal amplitude inside the bandwidth, for this analysis is set at 0.1.

(3) ∆T computing: per each grid node there is a redundancy of 4 impacts, so the
∆T per sensors pairs is established as the mean value

Impact 1) ∆T 1
m−n = TOA1

m − TOA1
n m,n = sensors ID number

Impact 2) ∆T 2
m−n = TOA2

m − TOA2
n

Impact 3) ∆T 3
m−n = TOA3

m − TOA3
n

Impact 4) ∆T 4
m−n = TOA4

m − TOA4
n

Mean value: ∆̄Tm−n = ∆T 1
m−n + ∆T 2

m−n + ∆T 3
m−n + ∆T 4

m−n

4

(54)

(4) Create the interpolated ∆T map: starting from the ∆T computed over 1089
grid point, we refine the mesh interpolating the information on 2500 point using
cubic spline.

(5) Test points data acquiring: test point dataset consists in 50 random nodes not
belonging to the initial grid. Signal processing, TOA extracting and ∆T computing
per sensors pairs is conducted as did for grid point in (1)-(2)-(3).
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ID Coord. [mm] ID Coord. [mm] ID Coord. [mm] ID Coord. [mm]

1 (233, 8) 14 (428, 428) 27 (113, 428) 40 (323, 248)
2 (67, 23) 15 (203, 443) 28 (323, 443) 41 (248, 323)
3 (157, 84) 16 (128, 293) 29 (473, 473) 42 (23, 383)
4 (413, 98) 17 (38, 443) 30 (473, 263) 43 (383, 38)
5 (293, 38) 18 (158, 203) 31 (338, 338) 44 (233, 203)
6 (38, 188) 19 (278, 383) 32 (173, 143) 45 (83, 323)
7 (278, 188) 20 (188, 353) 33 (383, 308) 46 (278, 473)
8 (458, 23) 21 (23, 278) 34 (383, 173) 47 (473, 143)
9 (68, 128) 22 (398, 263) 35 (188, 398) 48 (488, 398)
10 (338, 128) 23 (443, 338) 36 (398, 383) 49 (98, 83)
11 (458, 203) 24 (173, 38) 37 (263, 113) 50 (353, 413)
12 (83, 368) 25 (23, 68) 38 (113, 173)
13 (293, 293) 26 (203, 263) 39 (98, 233)

Table 6: Test points coordinates CFRP plate I

Figure 39: Test point and sensors configuration on CFRP plate I

(6) Nearest sensors identification: closer is the sensor to the AE source higher are
the probability of acquiring a clean signal (less reflection, edge effects, structural
defect), so in this analysis is given more importance to the information coming from
sensors theoretically closer to the impact through the Nearest Neighbor logic.
Obviously the sensors are ordered from nearest to furthest ordering from lowest to
highest associated TOA computed.
Example of sensors ordering for test point 35:
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Figure 40: Test point 35 configuration

TOAsens 1 = 0.0102 s
TOAsens 2 = 0.0089 s
TOAsens 3 = 0.0085 s
TOAsens 4 = 0.0103 s
TOAsens 5 = 0.0096 s
TOAsens 6 = 0.0093 s

Ordered sensors sequence:

[ Sens 3, Sens 2, Sens 6, Sens 5, Sens 1, Sens 4 ]

(7) Impact localization: per each test point are computed the 15 iso-∆T curves
related to all the possible combinations of sensors pairs. This time finding the
curves intersection is not trivial due to the anisotropic characteristics of the plate,
they are not intersecting around the same point as happened with the aluminum
plate (Fig-34).
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Figure 41: Iso-∆T curves on CFRP plate considering sensors pair 1-2

As stated in point (6), so the ∆T curves are clearly distinct around the sensors, the
further away we go the more they tend to lose coherence.
The proposed strategy to solve the problem is Nearest Neighbor logic on sensors,
combined with geometric median clustering-based localization:

• Geometric median clustering-based localization: the iso-∆T curves can
intersect each other in more than one point, so the first step is evaluate all
the intersections and group them in clusters using DBSCAN function, than
choosing the more populated one and compute the iterative weighted centroid
(see Subsection-9.1 in the appendix for further information). A fallback logic
on curves can be implemented to manage possible unfeasible intersections.

• Nearest Neighbor logic on sensors: the information coming from sensors
located theoretically closer to the source position is addressed as more valuable
as explained in (6), so per each test point there will be 4 different estimation
of X and Y obtained using first the nearest 3 sensors, than the nearest 4, than
5 and last one with 6. After acquired the 4 different location estimations the
best accuracy so far is obtained using as final location guess the median value
of the last 3 estimation related to the nearest 4, 5 and 6 sensors.

(8) Error evaluation: as stated in Section-5, the error is defined as the euclidean
distance between actual source position and estimated one, while accuracy and pre-
cision are the mean error value and the standard deviation and E90|95 is defined in
Chapter-2:

• Accuracy = 41.47 mm

• Precision = 40.50 mm

• E90|95 = 81.27 mm
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ID Error [mm] ID Error [mm] ID Error [mm] ID Error [mm]

1 115.77 14 48.05 27 58.45 40 32.49
2 56.17 15 23.26 28 35.88 41 56.96
3 11.19 16 23.76 29 214.35 42 12.53
4 21.10 17 36.68 30 79.24 43 10.19
5 91.256 18 26.05 31 42.81 44 9.14
6 5.88 19 16.42 32 13.03 45 14.24
7 46.10 20 9.10 33 38.15 46 61.98
8 125.21 21 34.15 34 12.88 47 102.07
9 9.06 22 5.42 35 19.89 48 125.38
10 10.66 23 59.43 36 7.43 49 24.82
11 20.87 24 21.58 37 42.29 50 51.18
12 91.78 25 58.07 38 12.35
13 7.28 26 8.01 39 13.42

Table 7: Error on test point localization for CFRP plate I

Figure 42: Interpolated localization error heat map
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Figure 43: Regression sigmoid with 95% confidence interval and E90|95

Focusing on localization performance in the area enclosed by the sensors: 80 ≤ X ≤
400 ad 90 ≤ Y ≤ 390:

Figure 44: Internal area configuration

• Accuracy = 24.53 mm

• Precision = 20.83 mm

• E90|95 = 45.08 mm
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Figure 45: regression sigmoid with 95% confidence interval and E90|95 referred to
internal area localization
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6.2 Sensors Pairs Region of Influence
In this section we will discuss the concept of region of influence, birth of the idea and
practical implementation. As explained in Subsection-6.1 the information related to
the nearest sensors is considered more valuable, based on this consideration seems
reasonable to completely exclude the furthest sensors, and relative possible sensors
pairs, from the localization process.
Sensors pair region of influence is defined as the portion of plate where the iso-∆T
curve relate to a specific sensor pair is proven be necessary to better localize the AE
source.

In order to identify this regions we should rely on a broader test dataset, so each
grid point in turn will be converted as test point and then localized according with
the following pipeline:

1. Remove a grid node, one at a time, from the initial mesh, and consider it as a
test point

2. Apply the ∆T method in order to localize the removed grid point as described
in Subsection-6.1, but, instead of extract only one estimated location, we will
save the results obtained with all the possible pair related to the nearest 3, 4,
5 or 6 sensors,

3. Evaluate the sensors pairs needed to achieve the lowest localization error,

4. Iterate the process for each grid node obtaining 15 map that shows where each
one of the possible sensor pair is most effective in localization.

In Figure-46 each red dot represent a test point which the best accuracy in localiza-
tion is achieved using all the 15 possible sensors pairs, the black dot instead indicate
a test point which is better localized with less than 15 sensors pairs.

Figure 46: Grid point localization scatter plot

The red dot are 26.6 % of the total, supporting the idea of sensors region of influence
existence.
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We can now proceed to report per each sensor pair the same type of scatter plot
but now the red dot identify a test point where for reaching the best accuracy the
certain pair is necessary.
In this section is reported only the sensor pair 1-2 as example, the remaining others
can be found in Subsection-9.2 in the appendix.

Figure 47: Sensor pair 1-2 scatter plot

As we could expect is formed a clearly distinguishable region of clustered red dots
where the sensor pair 1-2 is most effective in localization. In this analysis the region
of influence is constrained to embed at least 70 % of red dot, this choice is the result
of a tuning process, for a more robust implementation is suggested the use of ANNs
or genetic algorithms.

Figure 48: Sensor pair 1-2 region of influence
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To include the sensors region of influence logic in the ∆T method algorithm each iso-
∆T curve related to a specific sensor pair will be trimmed outside the corresponding
region.

Figure 49: Iso-∆T curves on CFRP plate considering sensors pair 1-2 inside the
region of influence

As can be seen from Fig-49, now the remaining parts of the curves have a much
more stable and defined trend.

Proceeding to test we will focus on improving the algorithm performance inside the
area enclosed by the sensors.

Overall error assessment:

• Accuracy: 64.25 mm

• Precision: 57.61 mm

• E90|95 = 116.84 mm
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ID Error [mm] ID Error [mm] ID Error [mm] ID Error [mm]

1 141.61 14 53.28 27 70.85 40 22.77
2 178.64 15 27.24 28 33.63 41 12.51
3 7.30 16 14.73 29 208.43 42 167.88
4 17.58 17 153.23 30 104.96 43 66.82
5 59.65 18 18.95 31 14.12 44 7.97
6 127.84 19 10.31 32 10.22 45 5.35
7 10.92 20 9.67 33 17.35 46 85.94
8 69.40 21 156.79 34 17.58 47 35.87
9 75.53 22 14.18 35 9.819 48 25.89
10 2.31 23 78.21 36 8.83 49 73.33
11 120.46 24 16.65 37 78.17 50 46.90
12 18.22 25 310.49 38 9.10
13 11.06 26 23.73 39 18.46

Table 8: Error on test point localization for CFRP plate I using sensors region of
influence

Figure 50: Interpolated localization error heat map with sensors region of influence
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Figure 51: Regression sigmoid with 95% confidence interval and E90|95 referred to
whole plate

Error assessment inside internal area:

• Accuracy: 16.20 mm

• Precision: 14.51 mm

• E90|95 = 20.07 mm

Figure 52: Regression sigmoid with 95% confidence interval and E90|95 referred to
localization with region of influence inside internal area

6.3 Combining Region of Influence and Classical
∆T Method

Looking at the results in terms of accuracy and precision obtained in Section-6.1 and
Section-6.2, we can notice that the firs ∆T method algorithm implemented shows
less error and more homogeneity in general allover the plate instead the second
algorithm show an enhanced localization capability only inside the the area enclosed
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by sensors. The logical continuation is to find a way of combine both approach in
order to achieve the performance of region of influence inside the area enclosed by
sensors and the performance of standard ∆T method outside.

The solution proposed is to localize with sensors region of influence the points that
are estimated to be within sensors area, the one outside will be localized with the
∆T method algorithm presented in Section-6.1. It is therefore necessary a double
step localization:

1. First step: we use the standard ∆T method (Section-6.1) algorithm for local-
izing the AE source. This choice is made based on the less mean error and
more homogeneity of the error allover the plate.

2. Second step: if the estimated AE position is inside the sensors area, defined
as internal area: 70 ≤ X ≤ 410 and 80 ≤ Y ≤ 400 (10 mm more on each
side as tolerance respect to Section-6.1), the source will be re-localized with
the sensors region of influence algorithm, otherwise the first localization is
considered definitive.

Figure 53: Internal and external area division

Using this combination the results obtained over the whole plate are:

• Accuracy: 38.00 mm

• Precision: 39.74 mm

• E90|95 = 70.70 mm
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Figure 54: Regression sigmoid with 95% confidence interval and E90|95 obtained
using combined logic referred to whole plate

in particular in the internal area:

• Accuracy: 17.92 mm

• Precision: 17.99 mm

• E90|95 = 20.83 mm

Therefore, a general improvement in localization performance can be noticed.

Figure 55: Interpolated localization error heat map with combined logic
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Figure 56: Regression sigmoid with 95% confidence interval and E90|95 obtained
using combined logic referred to internal are
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6.4 Grid point reduction
Next step to validate the methodology developed is reduce the grid point number
and observe the scaling in accuracy, precision and POL.
In this section 2 analysis are proposed:

1. Reducing the points per row, widening the spacing on X and leaving unchanged
the spacing on Y direction,

2. Changing the spacing among points both on X and Y removing rows and
columns from the grid.

The following results are presented in terms of E9095, for a complete overview of the
accuracy and precision indicators please refer to Section-9.3 in the appendix.

6.4.1 Reducing points per row

The algorithm’s robustness to row grid point reduction is tested starting considering
first 1 point each 2 per row (545 nodes, 50% of total) up to 1 each 6 (182 nodes,
17% of total).

(a) Initial grid configuration (b) 1 to 3 reduction rate

(c) 1 to 6 reduction rate

Figure 57: Examples of grid node reduction (1)
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In the following results table the symbols refer to:

• E90|95 RW P : radius of the area associated with 95% confidence of localization
considering the region of influence approach over the whole plate

• E90|95 RIA: : radius of the area associated with 95% confidence of localization
considering the region of influence approach over the internal area

• E90|95 NRW P : : radius of the area associated with 95% confidence of localization
considering the standard approach over the whole plate

• E90|95 NRIA: : radius of the area associated with 95% confidence of localization
considering the standard approach over the internal area

• E90|95 CW P : : radius of the area associated with 95% confidence of localization
considering combined logic over the whole plate

• E90|95 CIA: : radius of the area associated with 95% confidence of localization
considering combined logic over the internal area

Radius [mm] 1089 points 545 points 363 points 273 points 218 points 182 points
E90|95 RW P 116.84 119.16 165.69 118.88 145.49 151.79
E90|95 RIA 20.07 50.34 49.76 45.56 45.63 73.15
E90|95 NRW P 80.27 90.02 129.80 109.77 111.05 127.68
E90|95 NRIA 45.08 53.14 54.09 60.78 44.97 67.10
E90|95 CW P 70.70 94.51 144.59 102.79 118.84 136.46
E90|95 CIA 20.83 58.94 63.28 68.99 58.61 81.57

Table 9: Grid point reduction results (1)

E90|95 RW P regression E90|95 RIA regression

E90|95 NRW P regression E90|95 NRIA regression
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E90|95 CW P regression E90|95 CIA regression

As shown in figures above the increase in E90|95 is linear with grid points reduction
(not exponential as could be expected), and the slope is less than the bisector
of second quadrant so this results prove the robustness of the algorithm in pre-
established conditions.

6.4.2 Reducing rows and columns

Proceeding now to test the robustness to rows and columns reduction starting with
removing 2 rows and 2 columns each 3 (289 nodes, 26.5% of total), than 3 each 4
(121 nodes, 11% of total) and finally 4 each 5 (81 nodes, 7.4% of total).

(a) 2
3 row and column removed (b) 3

4 rowand column removed

(c) 4
5 row and column removed

Figure 61: Examples of grid node reduction (2)
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As did in Subsection-6.4.1, the results are presented in terms of E90|95:

Radius [mm] 1089 points 289 points 121 points 81 points
E90|95 RW P 116.84 152.40 174.67 176.21
E90|95 RIA 20.07 87.64 71.27 76.04
E90|95 NRW P 80.27 104.95 134.06 116.46
E90|95 NRIA 45.08 84.04 50.49 64.05
E90|95 CW P 70.70 117.50 130.81 143.92
E90|95 CIA 20.83 84.28 64.24 60.97

Table 10: Grid point reduction results (2)

E90|95 RW P regression E90|95 RIA regression

E90|95 NRW P regression E90|95 NRIA regression

E90|95 CW P regression E90|95 CIA regression

Again the increase in E90|95 is almost linear with grid points reduction, and the slope
is less than the bisector of second quadrant, but with this type of resampling the
radius increase is less than previous case, so we can conclude that removing grid
rows and columns is preferable in terms of localization accuracy and precision.
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6.5 Hsu-Nielsen Impact Source
Device (named after developer of the technique) is an aid to simulate an acoustic
emission event using the fracture of a brittle graphite lead in a suitable fitting.
This test consists of breaking a 0.5 mm mm diameter and H2 hardness pencil lead
approximately 3 mm (± 0.5 mm) from its tip by pressing it against the surface of
the piece. This generates an intense acoustic signal, quite similar to a natural AE
source resulting from the onset of a flaw, that the sensors detect as a strong burst.
The purpose of this test is twofold. First, it ensures that the transducers are in good
acoustic contact with the part being monitored. Second, it checks the accuracy of
the source location setup. This last purpose involves indirectly determining the
actual value of the acoustic wavespeed for the object being monitored.

In this section the test data consists in a set of 4 Hsu-Nielsen impact source over the
50 test point seen before, the procedure implemented and the tuning parameters are
exactly the same as Section-6.1, 6.2 and 6.3.
The goal now is to test the accuracy and precision in localization changing the AE
source compared to the grid node one.

In the following tables the acronyms refer to:

• AWP: accuracy (mean error) in localization over the whole plate

• AIA: accuracy (mean error) in localization in the internal area

• PWP: precision (error standard deviation) over the whole plate

• PIA: precision (error standard deviation) in the internal area

• E90|95, W P : radius of the area associated with 95% confidence of localization
over the whole plate

• E90|95, IA: radius of the area associated with 95% confidence of localization in
the internal area

Localization using standard ∆T method approach (Section-6.1), without sensors
pairs region of influence:

Indicator Value [mm]
AWP 60.80
AIA 34.68
PWP 51.54
PIA 19.01

E90|95, W P 106.12
E90|95, IA 52.82
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Figure 65: Interpolated localization error heat map for standard ∆T method ap-
proach with H-N source

Localization using ∆T method with sensors pairs region of influence (Section-6.2):

Indicator Value [mm]
AWP 68.12
AIA 34.66
PWP 54.89
PIA 20.52

E90|95, W P 128.52
E90|95, IA 60.34
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Figure 66: Interpolated localization error heat map for region of influence approach
with H-N source

Localization using ∆T method with combined logic (Section-6.3):

Indicator Value [mm]
AWP 61.33
AIA 34.45
PWP 50.22
PIA 22.82

E90|95, W P 110.45
E90|95, IA 74.23
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Figure 67: Interpolated localization error heat map for combined approach with
H-N source

6.6 Random Forest Application
The main purpose of this section si to implement a machine learning approach
to impact localization that reaches at least the performances of the previous ∆T
algorithms. In particular, the machine learning algorithm will be the random forest,
provided by Python native library sklearn.ensemble under the name
RandomForestRegressor.

The first step is to select and provide to the algorithm the training data, represented
by a matrix which each row incorporate the signal features related to a single grid
point so it will be a 1089 ×N matrix (N number of features).
The signal features selected are:

• Time of Arrival: the time that the signal used to reach a specific sensor, com-
puted using the same methodology reported in Section-3.2.3. Having 6 differ-
ent sensors and 4 redundancy on impacts, the total number of TOA registered
per point will be 24.

• Wave peak: the maximum amplitude reached by the wave signal (24 parame-
ters per grid point),

• Rise time: time elapsed between exceeding of 10% and 90% of the maximum
amplitude by the wave signal (24 parameters per grid point),

• Difference in TOA (∆T): is the parameter on which is based the ∆T method
discussed, represent the difference in time of arrival between sensors, so there
will be 15 possible difference for 4 different impacts (60 parameters) plus the
average value over the 4 redundancy (15 parameters more), reaching a total
of 75 different values per grid point.
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The signal used in feature extraction is already filtered in the same way reported in
the Section-5.

The final training matrix will have shape 1089 × 147 and as training output the
vector of X and Y coordinate per grid node is provided.

The Random Forest algorithm compute the coordinate X and Y simultaneously as
dependent parameters, the tuning settings are:

• n_estimator=84: number of decision trees embed in the forest, the final result
will be the mean of all the single trees’ results. There is no risk of overfitting
related to the number of tree, increase the amount means that model will gen-
erally become more stable, robust and accurate, because you average over a
larger number of "opinions", however, beyond a certain threshold the improve-
ments flatten out, while the computation time and required memory increase
linearly,

• max_depth=11: maximum depth of single tree, defines the maximum number
of levels (sequential questions) that any single tree can reach before giving a
final answer. By increasing this number the trees will become very deep and
complex, the model will learn the training data almost perfectly (overfitting),
also capturing the noise or randomness, but will lose the ability to make good
predictions on new data,

• min_samples_split=5: indicates the minimum number of samples (rows of
training/testing dataset) that must be present in a node for the tree to decide
to further divide it into two new branches. By increasing it we force the tree
to stop sooner to prevent the model from creating overly specific rules based
on very little data (helps avoid overfitting),

• min_samples_leaf=2: it is the minimum number of samples that must neces-
sarily end up in a "leaf" (the final node that provide the prediction). Increasing
this number can have a positive effect on reducing the sensibility to outliers,

• max_features= ’sqrt’: when a tree has to decide how to divide a node, it
does not look at all the variables available (147 features), but draws a random
subset, in this case equal to the square root (∼ 12). Increasing the number of
variable for example using ’none’ (use all 147 feature available) the trees in the
forest will end up all looking alike, because they will always choose the same
dominant features to make the first divisions. The forest loses its "diversity"
and can becomes less effective.

With this settings we report the results obtained in terms of accuracy, precision and
E90|95, using the same nomenclature of symbols as Section-6.5:

69



Indicator Value [mm]
AWP 34.17
AIA 23.63
PWP 29.63
PIA 18.31

E90|95, W P 68.19
E90|95, IA 30.80

Figure 68: Interpolated localization error heat map for for random forest approach

The results present a slight improvement compared to the combined logic described
in Section-6.3, but it is essential to evaluate the change in the precision indicators by
reducing the number of training (grid) points, the procedure exploit in Section-6.4.2
is taken as reference:

Indicator [mm] 1089 points 289 points 121 points 81 points
AWP 34.17 49.21 61.49 65.23
AIA 23.63 37.03 37.08 44.30
PWP 32.18 38.56 48.21 44.11
PIA 18.31 33.30 27.69 19.10

E90|95, W P 68.19 88.85 125.48 111.66
E90|95, IA 30.80 47.98 55.58 67.19

Table 11: Grid point reduction results using Random forest approach
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6.7 ∆T Method and Random Forest Comparison
Following the results obtained in this chapter, it is now possible to carry out a com-
parison between the two methods. The first comparison will be on the localization
error of the various test points.

Figure 69: Interpolated heat map of difference in localization error between random
forest and combined logic approaches

The map shown in Fig-69 represents the interpolation of the difference in localization
error between the two approaches, in particular it is obtained by subtracting the error
values associated with the random forest from those of the combined logic. Looking
to the map it can be seen that in the areas where the difference is negative the
combine logic is preferable, contrarily in the areas with positive values the machine
learning approach is advantaged.
As might be expected, the combined approach has a slight advantage in the internal
area, thanks to the tuning philosophy applied in Section-6.2.
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Figure 70: Comparison of localization area associated to 95% confidence between
random forest and combined logic

The study continues with the comparison of the performance indices (accuracy,
precision and E90|95) as the number of grid points varies. The regression curves for
comparison are reported.

AWP regression comparison AIA regression comparison

PWP regression comparison PIA regression comparison
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E90|95 W P regression comparison E90|95 IA regression comparison

In this case, by reducing the amount of a priori data, we notice an improvement in the
E90|95, IA by the random forest compared to the combined logic in the internal zone,
although the average error (AIA) remains still lower on average for the latter. This
phenomenon is caused by the significant increase in the error’s standard deviation
(PIA), which contributes significantly in the calculation of E90|95, IA.

6.8 Results Discussion
As stated in Section-5.2 we are interested in identifying the source with a precision
of at least 20 mm × 20 mm. Observing the results we can conclude that the com-
bined approach achieves the objective with a localization radius, associated to 95%
confidence, equal to 20.83 mm in the internal area. Considering the entire plate,
the localization area is still far from the objective, but the result obtained remains
valid as a starting point for further future refinement.
The developed method is unfortunately unstable when the number of grid points is
greatly reduced, in this case the random forest approach is preferable.
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7 Futures Perspectives
During the experimental campaign conduced in DLR, a second test article was
analyzed. It consists of a CFRP plate, nominally the manufacturing process and
dimensions are the same as the first plate described in Section-6, the main difference
is the presence of an Omega stringer bonded to the bottom of the plate.
The stringer was separately manufactured using M21 / 34% / UD194 / T700 / IMA-
12K from Hexply®, it was built also in a quasi-isotropic layup [−45 / 0 / 90 /45 / 90 /−
45]S, the nominal thickness was 1.5 mm with a ply thickness of 0.125 mm. The
stringer and the plate were bonded using Loctite Hysol 9466, the adhesive was
cured in vacuum at room temperature [38].

(a)

(b)

Figure 74: Plate II bottom view (a), Omega stringer cross-section geometry in mm
(b)

The additional complexity presents an intricate challenge in AE source localization,
but it is of particular importance because it represents an approach to the structures
used in reality on airplanes.
The application and tuning of localization methods discussed during the thesis are
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reserved for future applications with the aim of achieving results compatible with
the degree of precision required by modern SHM practices.
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8 Summary
In the modern scenario of the aerospace industry, the costs of maintenance works
and the related losses connected to the downtime of the aircraft constitute a signif-
icant expense. To try to reduce these costs, the SHM system is being developed.
The definition of Structural Health Monitoring (SHM) is a system, which detect the
various kind of damage and failure induced in the structure, also interpretation and
assessment of the damage induced in the engineering structure in order to improve
its reliability. We can summarize the objectives of the SHM in two fundamental
points: the first is to allow optimal use of the structure while avoiding catastrophic
failures, the second is to optimize the organization of maintenance services by re-
ducing downtime.
Within SHM field the Acoustic Emission (AE) technique is frequently used for non-
destructive monitoring. It is based on the detection of elastic waves generated by
the release of energy within a material, useful for identifying and locating damage
or dynamic events in structures. The system consists of a network of sensors glued
or co-cured in the structure’s area of interest. These sensors capture the waves,
convert them into digital format making them available for real time or near real
time analysis. There are various techniques for the localization of acoustic emissions
such as triangulation or beamforming, but attention is focused on the ∆T method.
This method is based on the calculation of the differences in the arrival time of
the wave between the sensors. For structures made of isotropic material such as
steel or aluminum it provides millimeter level accuracy, while on CFRP structures
the performance degrades considerably, reaching a centimeter scale. Since the use
of composite structures is increasingly frequent in the aerospace sector thanks to
their high stiffness to weight ratio, it is therefore necessary to improve localization
methods in order to achieve more precise and reliable monitoring.
The aim of this thesis is to improve the localization accuracy of the already existing
∆T method, then to develop a methodology based on machine learning in order to
locate the source within an area of approximately 20 × 20 mm2.
The experimental campaign was conducted in the Braunschweig headquarters of the
German national aerospace research center (DLR) and consists of the analysis of two
square plates without defects: one in aluminum with 5 glued piezoelectric sensors
and one CFRP with 6 sensors mounted.
On the isotropic aluminum plate, only the ∆T method was tested and a localization
accuracy of 5.61 mm was achieved over the whole plate. For the CFRP plate, the
results of the ∆T method are divided into results referring to the entire plate and
referring to the internal area enclosed by the sensors. Considering the whole plate,
the impacts are localized within an area with a radius of 70.70 mm with 95% con-
fidence and an average error of 38 mm, if we consider only the area enclosed by the
sensors the radius goes to 20.83 mm and the average error drops to 17.92 mm. The
results of random forest machine learning algorithm are only referred to the entire
plate and the results obtained are 34.17 mm of accuracy and 68.19 mm of radius.
The set objective is therefore accomplished in the internal area, while externally
the results are valid as a basis for future refinement. As a future perspective, we
will aim to implement the methods developed on structures with a higher degree of
complexity.
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9 Appendix

9.1 Iterative weighted centroid
This procedure aim to locate the centroid related to a cluster of point representing
the various intersection of iso-∆T curves. The algorithm is based on the Weiszfeld
[37], and is explained as follows:

1. Compute the first centroid location as the mean value of cluster point coordi-
nates

2. Evaluate the euclidean distance between the centroid and each point:

di =
√

(xi − xcentroid)2 + (yi − ycentroid)2 (55)

3. Define the inverse of the distance as weight wi for each point

4. Evaluate the new centroid as:

xc =
∑(wi · xi)∑

wi

yc =
∑(wi · yi)∑

wi

(56)

5. Iterate point 1 to 4 until the distance between old and new centroid is less
than ϵ = 10−6 m (tuning parameter).

9.2 Sensors pairs region of influence configura-
tions

This section contains images showing the configurations of all the sensors pairs region
of influence except for sensor pair 1-2 already shown in Section-6.2:
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9.3 Overview of results obtained in Subsection-
6.4.1 and 6.4.2

This section summarizes the results obtained in Subsection-6.4.1 and Subsection-
6.4.2 in terms of Accuracy (mean error) and precision (error standard deviation).
In the following tables the symbols shown refer to:

• ARW P : Accuracy in localization considering the region of influence approach
over the whole plate

• ARIA: Accuracy in localization considering the region of influence approach
over the internal area

• ANRW P : Accuracy in localization considering considering the standard ap-
proach over the whole plate

• ANRIA: Accuracy in localization considering considering the standard ap-
proach over the internal area

• ACW P : Accuracy in localization considering considering combined logic over
the whole plate

• ACIA: Accuracy in localization considering considering the combined logic over
the internal area

• PRW P : Precision in localization considering the region of influence approach
over the whole plate

• PRIA: Precision in localization considering the region of influence approach
over the internal area

• PNRW P : Precision in localization considering considering the standard ap-
proach over the whole plate

• PNRIA: Precision in localization considering considering the standard approach
over the internal area

• PCW P : Precision in localization considering considering combined logic over
the whole plate

• PCIA: Precision in localization considering considering the combined logic over
the internal area
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Indicator [mm] 1089 points 545 points 363 points 273 points 218 points 182 points
ARW P 64.25 54.6 70.6 56.76 70.15 67.21
ARIA 16.20 23.7 26.04 26.49 20.45 35.41
ANRW P 41.47 49.6 63.27 52.81 51.95 59.61
ANRIA 24.53 28.9 29.85 29.3 31.11 33.7
ACW P 38.0 47.16 67.96 50.88 58.5 61.79
ACIA 17.92 30.02 30.48 30.6 34.9 34.78
PRW P 57.61 54.45 66.76 56.6 77.05 62.9
PRIA 14.51 23.6 31.2 24.6 19.28 36.18
PNRW P 40.50 54.49 72.18 26.3 57.46 62.46
PNRIA 20.83 39.4 36.12 51.4 48.37 47.2
PCW P 39.74 52.7 72.75 53.4 69.12 61.3
PCIA 17.99 42.3 36.39 25.6 49.48 36.46

Table 12: Grid point reduction results, continuation of Table-9

Indicator [mm] 1089 points 289 points 121 points 81 points
ARW P 64.25 70.28 74.91 75.77
ARIA 16.20 40.42 33.95 38.89
ANRW P 41.47 51.6 66.67 55.39
ANRIA 24.53 35.33 26.37 28.64
ACW P 38.0 57.24 68.03 65.07
ACIA 17.92 41.77 28.61 33.82
PRW P 57.61 57.1 68.52 99.54
PRIA 14.51 32.53 32.05 53.84
PNRW P 40.50 47.05 81.16 75.57
PNRIA 20.83 29.04 21.55 34.69
PCW P 39.74 49.64 80.54 84.62
PCIA 17.99 34.17 23.29 46.96

Table 13: Grid point reduction results, continuation of Table-10
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