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Abstract
Structural Health Monitoring systems using the ultrasonic guided wave method are able to identify, locate and
estimate the severity of defects resulting from corrosive processes in structures. Such systems, when constituted
of sensors permanently coupled or inserted in the structure and electronics of acquisition and transmission of data,
are close to the concept of intelligent structures, which are those that have the ability to self-diagnose. One of the
biggest problems for this approach is the sheer volume of data generated. The present work aims the elaboration
of a methodology based on machine learning algorithms for processing data obtained from such systems. A
synthetic database was produced for feed several algorithms such as kNN, CNN, MLP and SVM. A significantly
high success rate was observed for the identification of the damaged structure, i.e., the method presented in this
work proved to be very promising and at the moment a prototype is installed in a refinery, being tested under real
operating conditions.
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1. INTRODUCTION

Machine Learning (ML) is the part of Artificial
Intelligence that focus on pattern recognition [1].
It is divided in unsupervised and supervised ap-
proaches. Unsupervised algorithm are applied
on data where the labels are unknown in order
to find any pattern. Supervised algorithms are
responsible for classifying data where the labels
are well known.

The learning of supervised approaches can be
model-based, example-based or through feature
extraction. In this work we will use an example
based method. Generally these methods depend
on a large set of examples for which the param-
eter values are known. They deduce the label
values for the input example from the known val-
ues in similar examples. Thus, it is assumed to
have sufficient data to make such inference [2].
In [3] a similar approach is used for Structural
Health Monitoring (SHM) systems. It was called
population-based SHM and the main idea is to
transfer, in some sense, information between
groups of similar structures.

Machine Learning algorithms have been pro-
posed in recent research as an alternative to sta-
tistical methods. Such algorithms have been suc-
cessfully used in computer vision [4, 5]. How-
ever, its application is not limited to images and
videos. Recently engineers are considering these
techniques in SHM applications as well [6].

SHM systems based on Guided Waves (GW)
are becoming research focus because they can
significantly reduce the inspection costs of safety-
critical structures, e.g. aerospace, nuclear, oil
and gas industries. SHM systems can be consider
effective if it combines good sensitivity to defects
and low cost [7–10].

The identification problem in SHM systems can
be seen as a hierarchical structure, such as the
following levels [11]:

• Level 1: detection. Detect if there is defect
in the structure.

• Level 2: localisation. Informs about the
probable position of the damage.

• Level 3: classification. Informs about the
type of the damage.

• Level 4: assessment. Estimates the extent
of the damage.

• Level 5: prediction. Informs about the
safety of the structure.

Guided Waves for SHM systems were used
in [12]. Features were extracted with and with-
out baseline, totalling 167 features. Three clas-
sification algorithms for detecting damage were
applied: adaptive boosting (AdaBoost), SVM,
and a method combining the two (AdaSVM).
Accuracies were 87.7%, 92.5% and 93.5%, re-
spectively. The application was in natural gas
pipelines.

Deep neural network was applied over GW for
SHM. Tests were performed over four different
plates, called A, B, C and D. Different classifiers
were trained, e.g. training with 4, 3, 2 and only 1
of them. The results showed that deep learning
could achieve a very high accuracy, 99%+ with
training data of only one plate, against SVM
which achieved only 62% [13]. However, this
idea is criticised in [14, 15], where the previous
mentioned idea could be over-engineering a prob-
lem that is well-defined on less input data. It is
a common critique of ML by classical statistics
and meticulous data science.

Guided Waves were applied in [16] to SHM in
pipelines. Principal Component Analysis (PCA),
hierarchical clustering (HC) and multinomial
logistic regression (MLR) were used for data-
driven semi-supervised and supervised learn-
ing algorithms for health monitoring of these
pipes. The semi-supervised approach detects if
the structure is damaged or not by using a hier-
archical clustering based algorithm. The super-
vised learning approach hence the localization
in a multinomial logistic regression framework.
Both experiments were validated and demon-
strated that the fully data-driven techniques could
precisely detect and localize cracks on two cast
iron pipes of different lengths.

In this paper we focus on ML supervised tech-
niques, once the defects were created in a syn-
thetic form and we know them. We will use
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SHM levels 1, 2 and parts of 3 and 4. It is ex-
plained in Section 3 with the ML algorithms and
their parameters. Section 2 describe our hybrid
dataset used in this paper. Section 4 presents the
results and comments. Finally, Section 5 shows
the conclusions.

2. DATASET

Datasets play a very important role in any Ma-
chine Learning application. In some specific situ-
ations the acquisition of the data could be expen-
sive in time and/or resources, e.g. experiments
with guided waves. In order to overcome this
problem it is common the use of numeric mod-
els to produce synthetic data. However, some
environmental changes, such as noise and tem-
perature are difficult to reproduce by numerical
model. Finally, hybrid approaches, being a com-
bination of real data with synthetic data, appears
to be a good manner to overcome the difficulty of
gather real data and the weakness of the synthetic
data.

In this work we use a hybrid dataset, combining a
finite element model of a damaged structure pipe
and a multiple environmental cycles of an un-
damaged structure. The experimental and numer-
ical setup are explained in the Section 2.1 with
the synthetic experimental-numerical database
(more details and an evaluation of these methods
can be found in [17]).

2.1 Experimental Setup

The experimental setup consists in a undamaged
8” steel pipe schedule 40 with 6.48 meters of
length as sample. In order to perform the guided
wave test we attached piezoelectric transducers
to build the guided wave collar. It was composed
by 32 shear plates (3x13x1 mm3 manufactured
by PI [18] with PIC255 as material). They were
divided in two rings (16 shear plates in each)
spaced by 20 mm and equally divided in the cir-
cumference. They were brazed in a flexible PCB
and then glued in the pipe. A homemade multi-
plexer and amplifier were used to perform pulse-
echo and pitch-catch configuration (details about
this hardware used can be found in [19]). This
configuration allows us to perform an inspection
using the T(0,1) guided wave mode [19–23]. Fig-

Figure 1: Experimental scheme of the experiment. In
blue the position of the GW collar. The grey triangles

show the position of the syntactical defects in the
sample.

Figure 2: Wave-forms used in the wave guide
excitation. The solid line represents the waveform (i):

26 kHz with 6.5 cycles. The dashed line represents the
wave-form (ii): 48 kHz with 12 cycles. The left figure
presents the time domain representation and the right

figure the frequency domain representation.

ure 1 shows a schema of the experiment, where
the grey triangles show the longitudinal position
of the defects, at the edge of the pipe the GW
collar.

The waveform used was a tone-burst signal. It is
described by the follow equation:

A(t) =
1
2

[
1− cos

(
2πt
N

)]
sin(2π fct), (1)

where t is time in seconds, N is the number of
periods of the wave, and fc is the central fre-
quency of the wave. Two different configurations
were used in this experiment: (i) 26 kHz with
6.5 cycles; (ii) 48 kHz with 12 cycles. Figure 2
presents the waveform used for the excitation of
the sensors.

The dataset used in the present work consists
only of the data that come from the positive axis
of the pipe (left side in the Figure 1). The setup
configuration allows us to select the direction of
the recorded signal. This is a standard procedure
in pipeline inspection [24]. The test were made
during one day to gather variability in the col-
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lected signals (electrical noise and modal noise).
The temperature variation was between 23.29oC
and 26.83oC.

2.2 Numerical setup

The numerical setup was built to recreate the ex-
perimental setup described in Section 2.1. The
dynamic equilibrium equation was solved using
finite element method. An explicit schema for
the integration of the equilibrium equation was
used. The CFL was set to 0.2 to ensure the stabil-
ity of the procedure. One hexahedral mesh was
used in the discretisation. It is composed by 540
linear elements in the length, 4 linear elements in
the radius, and 64 linear elements in the circum-
ference. The input force assign to 16 nodal forces
equally spaced in a tangential direction to mimic
the experimental test. The amplitudes of those
forces were presented in Figure 2. The material
was with an isotropic one with: E = 217 GPa,
ν = 0.2896, and ρ = 7923kg/m3.

Regarding the defect, we introduced in the nu-
merical model a total of 3,000 different damages.
Each defect was parameterized by four param-
eters. They are the following: (i) the severity
of the depth (0.0625% up to 0.75% of the thick-
ness, 12 steps); (ii) the angle extension (3deg
up to 30deg, 5 steps); (iii) longitudinal defect
extension (0.012 m up to 0.24 m, 5 steps); (iv)
longitudinal position (0.5 m up to 6.3 m, 5 steps).
The shape (half period 2D sinus) of this defect
can be seen in Figure 3. These damages gave
origin to the case scenarios showed in Section 3
Table 1.

2.2.1 Creation of the dataset

In SHM often a large amount of collected data is
processed. Most part of the collected data come
from situations where there is no damage and the
structure is considered to operate normally. ML
classifiers are generally supervised learning, re-
quiring examples of both classes. Thus, the lack
of damaged data from a structure might present a
challenge to the task of training a good classifier.

In order to generate an adequate dataset to be
utilised to train a ML classifier, we merged dif-
ferent base signals (signals with no defect) with
the defects created via numerical simulations.

Figure 3: Clip of the mesh used in the numerical
models. The cut plane presented shows the reduction of

the cross section for one case.

Therefore, artificially increasing the ratio be-
tween damaged and undamaged signals present
in the database.

Prior merging the numerical and the experimen-
tal signals a number of operations are needed to
ensure that the numerical data and the experimen-
tal sample are correctly added, as the environ-
mental conditions often affect the frequency and
amplitude of the experimental data. Thus, the
numerically generated data has to be modified to
match the experimental, accordingly. In order to
match the signals we needed three steps: first, the
amplitude from the model is corrected to match
the amplitude from the edge reflection of the ex-
perimental base; second, the crosstalk from the
selected sample is cut from the signal, and third
step is to perform upper sampling and temper-
ature compensation on the numerical signal to
adjust the signal length to the base signal.

Once the previous steps are performed the ex-
perimentally obtained data and the numerical
induced defect are added together in order to
generate a new signal. This signal consists of a
base signal with a numerically introduced defect.
A simplified scheme of the database creation is
shown in Figure 4, where the processing steps re-
fer to the first, the second and the third previously
mentioned operations.

When those steps are applied to every possible
combination of the n numerically generated data
and the m experimentally collected data. Thus, is
possible to generate a total of n∗m synthetic sam-
ples that are a unique combinations between nu-
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Figure 4: Hybrid dataset creation flowchart.

merical model data and experimental data. There-
fore, the ratio between samples with defects and
base signals always follows the Equation 2.

N =
n(m− p)

n(m− p)+m
, (2)

where p is the number of bases where numerical
defects were not added yet.

In our case, the baseline (samples without de-
fect) is composed by 90 samples. We chose 90
numerical models randomly with the same de-
fect position and we repeated this for 5 different
positions (as showed in Figure 1). The complete
dataset has 540 guided wave test. However, it is
still a small sample.

Based on the work made by Ewald, Groves, and
Benedictus [25] we added white noise in order
to increment the size of our dataset and increase
the variability [26]. Three different levels were
used: 2.5dB, 4.4dB and 6dB. Those levels were
choose arbitrarily. At this point we should stress
that the presence of white noise can lead to the
inverse crime [27–29] and the use of white noise
is not a consensus in the domain [30] (even with
a solid used in system identification [31, 32]).

2.2.2 Feature extraction

Guided wave pipe modes have a distribution
on the circumference and this can be measured
through a sensor ring. These distributions fol-
low the restriction of periodicity imposed by the
pipe. Therefore, the wavelengths in circumfer-
ential direction are always whole fractions of
the perimeter. Thus, the F(1, m) modes, where
mode order is 1, will have only one wavelength
arranged in the perimeter, the modes F(2, m) will

have two, and so on [20]. In order to find the cir-
cumference order of guided wave modes we can
postulate modes are real functions. In [17] the
same decomposition was used as features and
lately used to feed a PCA and Independent Com-
ponent Analysis (ICA) to retrieve the damage.

An arbitrary real function could be decomposed
into an infinite sum of cosines through the
Fourier Transform. For discrete signals (when
only function values exist for discrete instants),
the Fourier Transform should be made using
a discrete implementation, the discrete Fourier
transform (DTF). The DTF presents a particular
case when the discrete function interval input is
considered periodic.

The result of the DFT is a sequence of values of
the same input string size, representing the coeffi-
cients whose periods are multiple integers of the
signal length [33, 34]. If we change the implicit
idea of applying Fourier in time to decompose
frequencies and pass for the spatial application
we can decompose the signal into the number
of wavelengths within the perimeter what will
be representing the circumferential distribution
of the modes. This application is given in the
direction of n in the data matrix Mnm, where n
is the number of sensors and m is the number of
time samples. Thus, the decomposition by DFT
reveals the quantities for each circumferential
order at each instant of time. In this work we
used the Fastest Fourier Transform in the West
(FFTW) implementation [35]. DFT is defined by
the transform and inverse pair:

DFT{xn}= Xk =
N−1

∑
n=0

xne−i2π
kn
N , (3)

DFT{xn}−1 = xn =
1
N

N−1

∑
k=0

Xkei2π
kn
N , (4)

where Xk is the DFT of the real signal xn, N is the
number of samples in the direction n of the data
matrix, k is the circumferential wave-number,
and i is the complex number. If we take a vector
an composed of one of the m columns of M, that
is, a sample time for all channels and applying
DFT we will have:
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Ak = DFT{an}, (5)

The elements of Ak will be the coefficients that
will represent up to the circumferential order
N/2. In order to get only real components the
Discrete Hilbert Transform (DHT) is calculated
through its implementation in the frequency do-
main where the core of the Hilbert transform is
Hk [33]. Thus:

DHT{xn}= x̂n = DFT−1{HkDFT{xn}}, (6)

where x̂n is the DHT of xn. The kernel is defined
as follow:

Hk =


0, if k = 0
i, if 0 < k < N/2
0, if k = N/2
−i, if N/2 < k < N.

(7)

The process is repeated for the m columns of M
obtaining M̂km presenting the decomposed sig-
nals of the time domain modes [36].

3. METHODOLOGICAL PROCEDURES

In this work we used four different machine
learning algorithms for damage classifications.
They are: k-Nearest Neighbour (k-NN), Support
vector machines (SVM), Multilayer Perceptron
(MLP) and Linear Discriminant Analisys (LDA).
These were chosen because they are popular in
the field of pattern recognition in recent years.
They are not very complex and not computation-
ally expensive.

k-NN is an algorithm widely used for pattern
recognition. The input is the k closest training
examples in the feature space. The output is the
class that an item is classified by the most voted
from neighbours, k is a low positive integer [37].

The most common used distance metric in k-NN
is Euclidean.

d(a,b)=
√

(x1 − y1)2 +(x2 − y2)2 + · · ·+(xn − yn)2 .

Where a and b are two points in the space,
x1,x2,x3 . . .xn are the coordinates of a and
y1,y2,y3 . . .yn are the coordinated of b.

Apart from Euclidean distance we tried manhat-
tan, chebyshev and minkowski distances as well.
In addition, we tried different number of neigh-
bours.

SVM are one classification method that uses ML
to increase the accuracy of prediction. In SVM
the training data may be linearly separable in
the input spaces or not linearly separable, in this
last case they map the input space into a high-
dimensional feature space to obtain linear sepa-
ration.

The hyperplane separates the training data by a
maximal margin. Vectors lying on one side of
the hyperplane are classified as −1 and vectors
lying on the other side are classified as 1. The
training instances closest to the hyperplane are
the support vectors [38].

In this paper we will try different kernels for
SVM, such as linear, radial basis function, poly
and sigmoid.

MLP is one type of feedforward artificial neu-
ral network. It consists of layers of nodes (neu-
rons) that uses a non-linear activation function.
The output of a node is scaled by the connect-
ing weight and fed forward to be an input to the
next layer neuron. MLP is able to classify data
that is not linear, because its multiple layers and
non-linear activation [39].

Activation functions are not limited to: identity
useful to implement linear bottleneck f (x) =
x; logistic sigmoid f (x) = 1/(1 + exp(−x));
tanh hyperbolic tan function f (x) = tanh(x) and
relu the rectified linear unit function f (x) =
max(0,x) [40].

MLP utilises a technique called backpropagation
for training. Where the weights in the network
are initially set to low random values and thus
the algorithm computes the local gradient of the
error surface and update the weights in the way
of steepest local gradient [40].

It is known that this approach leads to a false
result. The use of noisy data can mask the real
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algorithms performance once occurs the inverse
crime. The phase information in the signal can-
not be reconstructed using MLP - normally neu-
ral networks are able to reconstruct phase infor-
mation. In [41] is presented these neural network
problems together other related problems such
as input data correlation. The phase contains sev-
eral information needed in guided waves for non
destructive testing.

LDA creates an optimal linear discriminant func-
tion f (x) =W T x mapping the input into the clas-
sification space. The class identification of this
sample is based on some sort of metric, e.g. Eu-
clidean distance. A classic LDA training stage
is created with within and between-class scatter
matrices analysis [42]. Within and between-class
scatter matrices are calculated as follows:

Sw =
1
M

M

∑
i=1

Pr(Ci)∑i, (8)

Sb =
1
M

M

∑
i=1

Pr(Ci)(mi −m)(mi −m)T , (9)

where Sw is the within-class scatter matrices and
Sb is the between-class scatter matrices. Pr(Ci)
is the prior probability of class Ci; m is the over-
all mean vector; ∑i is the average scatter of the
sample vectors of distinct classes Ci around the
representative mean vector m1.

LDA is different from PCA, because the maxi-
mum dimensionality that can be achieved is the
number of classes minus 1. Whereas in PCA is
the number of classes [43].

In this work we will explore solvers lsqr and svd
only.

3.1 Machine Learning Application

In order to apply machine learning algorithms
over our data we created 4 different scenario
cases. These are the following: case 1 is a binary
classification, just for classify if the sign has or
has not defect. Case 2 classifies the position of
the defect. Case 3 classifies the severity of the
damage, the loss of area of the cross section of
the pipe, what we call Cross Section Area (CSA).

Table 1: Scenario cases for classification

Case 1 Binary classification
Case 2 Position of the defect (5 classes)
Case 3 CSA
Case 4 Position and CSA

Figure 5: Workflow for the feature extraction

Finally, case 5 classifies the position and the
CSA together. Table 1 shows the scenario cases.
These scenarios were obtained by the damages
presented in the Section 2.2.

The input, feature extraction and the classifica-
tions according to the case scenarios are show in
Figure 5.

In Case 1 we used 450 (90× 5positions) data
with defect and 90 data without any defect, re-
sulting in 540 data. It before applying AScan
and before adding noise.

We used different levels of noise, such as 0,
0.33, 0.66 and 1 Db, increasing our dataset four
times. Extracting AScan features gives us 9
different channels for each signals, as we in-
creased it 4 times with noise, in total we have
540×9×4 = 19,440. Figure 6 shows one sig-
nal (from one AScan channel) before and after
applying different levels of noise. The solid line
represents the absence of noise, the dash-dot line
(-.)contains white noise of 0.33dB, the dotted
line (..) noise of 0.66dB and the dashed line (–)
line noise of 1dB.



8 ML Techniques Comparison Applied to SHM in Pipes FIA 2020/22 | XXIX Sobrac

Figure 6: Original signal with different noise levels
added.

Case 2, 3 and 4 ignores all the data without defect.
It means 3,240 less data or a total of 16,200 data.

Case 2 contains damage in 5 different positions.
It is the position of the damage from the sensor
in metres, it gives us 5 classes being labeled
ad 0.5, 1.95, 3.4, 4.85 and 6.3. Each damage
position appears 90 times before adding noise.
The histogram of the classes distribution can be
visualised in Figure 7. Note that each position
plus the non defective has the same number of
occurrence in the dataset.
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Figure 7: Histogram of the damage positions

CSA or damage severity (Case 3) is the most di-
verse class of our data, it means a high number of
possibilities (222 to be more precise). In order to
group all these classes we created the following
criteria: smaller than 2.20% in one class (csa =
1), between 2.20% and 6.00% in other class (csa
= 2) and finally damage greater than 6.00% in
the third class (csa = 3). The histogram of the
distribution of the CSA in 3 levels is showed in
Figure 8.
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Figure 8: Histogram of labels from the Case 3

Finally we tried to classify position and sizing
together. In total we have 15 different labels,
being 5 classes for position and 3 classes for
CSA. It is our Case 4.

Before applying any ML algorithm over our data
we had to split or data in training and testing.
It because we are using a supervised approach.
Thus, we split or dataset in 70% for training and
30% for testing, randomly and with no cross val-
idation. In total we have 13,608 data for training
and 5,832 data for testing.

4. RESULTS

In this experiment we used the following pa-
rameters: k-NN with Euclidean distance and 1
neighbour. MLP used activation function relu
and solver adam, with 1 hidden layer, 50 hidden
units and number maximum of iterations equal
to 100. LDA used solver svd - singular value
decomposition. SVM is using kernel linear.

4.1 Damage identification

The first stage of our SHM proposed system is to
identify if a structure has or has not damage. In
order to classify this, we used class containing
0 for non damaged and 1 for damaged. Binary
classifier was used. It was called Case 1 and the
results are shown in Table 9. Parameters have
not been tuned for this experiment, because it
is a trivial problem and we obtained very high
accuracy.
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Table 2: kNN with different k values

k Accuracy
1 0.6359
3 0.4194
5 0.3981
7 0.3768

Table 3: kNN with k = 1 and different distance metrics

Metric Accuracy
minkowski 0.6359
euclidean 0.6359
manhattan 0.6182
chebyshev 0.4050

4.2 Damage localization

The following experiments is applied to Case
2 and try to classify the position of and identi-
fied damage. For this experiment only structures
classified as damaged were considered.

As we have 5 different damage positions it is
not a trivial problem any more. Thus, we need
tuning the parameter for the ML algorithms. In
kNN we tried different number of k, see Tables 2
and 3. LDA we tried different solvers, see Table
4. MLP we tried different activation functions,
solvers, number of hidden layers and number of
hidden units (neurons), see Tables 5, 6 and 7.
SVM we tried different kernels, see Table 8.

Finally, after tuning the parameters we can ap-
proximate the optimal accuracy for damage iden-
tification, localization, sizing and localization +
sizing. Results are shown in Table 9

4.3 Damage localization + sizing

Table 9 shows the results for all the four cases.
Results shown are based in the tuning made in
the Position Classification (Case 2). Thus, we
used k-NN with only one neighbour and MLP
with one layer and 50 units, SVM with polyno-
mial kernel.

It is clear that k-NN has the best accuracy com-

Table 4: LDA with different solvers

Solver Accuracy
svd 0.2647
lsqr 0.2647

Table 5: MLP with different activation functions and
solvers, with one hidden layer and 50 neurons

Activation Solver Accuracy
relu adam 0.3530
relu sgd 0.3655
relu lbfgs 0.4010
tanh lbfgs 0.3690
tanh sgd 0.3959
tanh adam 0.2864
identity lbfgs 0.2901
identity sgd 0.2768
identity adam 0.2690
logistic lbfgs 0.3501
logistic sgd 0.3895
logistic adam 0.3329

Table 6: MLP with different number of hidden units
(neurons) for activation relu and solver adam

Units Accuracy
25 0.3407
50 0.3530
75 0.3532
100 0.3516
150 0.3542
200 0.3528

Table 7: MLP with different number of hidden layers
and units (neurons) for activation relu and solver adam

Layers Units Accuracy
1 50 0.3530
2 50, 50 0.4168
3 50, 50, 50 0.4133
4 50, 50, 50, 50 0.4141
4 50, 100, 150, 200 0.4178
2 100, 50 0.4248
3 150, 100, 50 0.4285
4 200, 150, 100, 50 0.4385
4 200, 150, 100, 50 0.4366
5 250, 200, 150, 100, 50 0.4393

Table 8: SVM with different kernels

Kernel Accuracy
linear 0.2841
poly 0.3516
rbf 0.3350
sigmoid 0.2064
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Table 9: Accuracy for different algorithms

Algorithm Case 1 Case 2 Case 3 Case 4
kNN 0.1000 0.6359 0.7159 0.5795
LDA 0.9949 0.2841 0.3834 0.2665
MLP 0.1000 0.4393 0.5312 0.2210
SVM 0.9993 0.1146 0.4934 0.2476

pared to the other algorithms in all the four cases.
Being nearly 100% for case 1, around 63% for
case 2, 69% for case 3 and finally 57% for case
4. Case 4 is the most difficult to classify because
combine the classes of positions (5) and classes
of CSA (3), totalling 15 classes.

It is of common knowing that neural networks
discard some information of the signal, depend-
ing on the activation function used and the nor-
malization of the data. We tried different combi-
nations in this work. However, k-NN still over-
came accuracy in all the cases.

Finally, according to [44] the 1-Nearest Neigh-
bour classifier is the most complex nearest neigh-
bour model. It can lead to over-fit the model. It
may explain why we obtained a higher accuracy
with 1-Nearest Neighbour and we can conclude
that it may not be the classifier that best repre-
sents our model. Another explanation could be
that the added noise helped the 1-Nearest Neigh-
bour more than the other algorithms.

5. CONCLUSION

In this work we provided the application of ma-
chine learning algorithms over a hybrid dataset.
The dataset used consists of signal from guided
waves signal obtained by sensors attached on a
steel pipe, combining both synthetic and experi-
mental.

Features were extracted followed by the applica-
tion of supervised machine learning algorithms
in order to classify different level of defects, such
as defective/non defective, the position estimates
and the severity of the damage.

We tested four different machine learning al-
gorithms, k-nearest neighbour (kNN), multi-
layer perceptron (MLP), support vectors machine
(SVM) and linear discriminant analysis (LDA).
Results have shown accuracy of 100% for binary
classification in most algorithms. Position esti-

mation and severity of the damage k-NN have
shown the best accuracy using kNN algorithm
being 63% and 71% respectively.

In the future we intend to use an automated algo-
rithm to tune the hyper-parameters of the ma-
chine learning algorithms, specially for MLP,
and, applying deep learning algorithms as convo-
lutional neural network is forecast.
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