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Abstract: Structures are commonly jointed using fasteners such as rivets or bolts arranged in various configurations
depending on the required performance. Bolts are widely employed because of the numerous advantages they possess,
for instance, avoiding any possible movement and ensuring the stability and security of the bolted joints. However, one
of the main disadvantages of fasteners is the loosening that occurs under various causes, such as shock, vibration, and
others that can cause serious damage and lead to structural failure. Recent studies have shown that the ML application
into bolt joints is still small. This work investigates the application of SVM machine learning to bolt loosening detection
based on a data-driven bolt-joint structure. A damage index was calculated using the frequency response to classifying
the state of the bolted connection in binary form. It will show some advantages of SVM over other machine learning
techniques since it is a technique that allows good results e can be applied to nonlinear classification problems using
kernel functions. This work conducts a study of the use of SVM and discusses the challenges of usage, performance and
implementation of the technique.
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INTRODUCTION

Structures are commonly jointed using fasteners such as rivets or bolts arranged in various configurations depending
on the required performance. Bolts are widely employed because of their numerous advantages, for instance, avoiding any
possible movement and ensuring the stability and security of the bolted joints. They secure a preload level, maintaining
the bolted system rigidity, making them an important part of the system and influencing its dynamic responses (Ziaja
and Nazarko, 2021). Torque loosening is one of the main disadvantages of fasteners and bolts, that occurs under various
causes, such as shock, vibration, tightening process inadequate, and fracture, among others that can cause serious damage
and lead to structural failure (Wang et al., 2020). Therefore, consistent and systematic maintenance is demanded through-
out the structure’s lifespan, which is a costly and often dangerous operation requiring an individual to check each bolted
joint at regular intervals. Detecting and identifying loosening before failure is still a challenge in several engineering areas
(Tran et al., 2020).

Numerous researchers have made significant contributions in exploring methods for detecting bolt loosening (Miao
et al., 2020). Nevertheless, a small amount of research has been done on the applications of Machine Learning algorithms
(ML) in this area. ML is a technique that uses learning from available data to obtain a model that can make accurate
predictions (Avci et al., 2021). Recent studies have been conducted using ML techniques to detect looseness in bolts.
Eraliev et al. Eraliev et al. (2022) detected and identified bolts loosening using seven ML algorithms comprising a
lapped bolt structure. The Random Forest classifier was indicated for a future study of online monitoring. Miguel et
al. Miguel et al. (2022) used modal parameters to observe the tightening torque loss in bolted joints. They applied two
probabilistic machine learning methods, one for damage detection and another for tightening torque quantification. Zakir
et al. Zakir Sarothi et al. (2022) applied ten ML techniques to identify the failure mode of double-shear bolted connections
on a comprehensive database of 455 samples of experimental data. Detailed ML-based failure identification showed that
Random Forest best classified the failure modes among the proposed ML methods.

Other works using ML applied to bolted joints were investigated, as presented in Zhou et al. (2021) and Cha et al.
(2016). Furthermore, several different machine learning algorithms can apply. This work proposes using the Support
Vector Machine (SVM) for bolt loosening detection in an experimental dataset of a bolted joint. SVM is one of the
most widely utilised machine learning techniques for applications such as pattern classification, forecasting and decision-
making tasks (Kurian and Liyanapathirana, 2020). The results show the SVM algorithm’s satisfactory performance for
the bolt-loosening classification in the bolted joint.
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DAMAGE DETECTION METHODOLOGY WITH SUPPORT VECTOR MACHINE

Bolts have the function of connecting and maintaining stability between two parts that need to be joined. However,
this fixation is not always guaranteed in the long term, a problem that engineering has faced. It is a common structure
joined by the bolt to loosen over time due to external vibrations, dynamic loading, or thermal variations. Predicting torque
losses is essential and helps engineers develop control strategies for torque tightening. Based on actual torque data, a
binary classifier model can be trained to predict whether torque loss occurs for a bolted joint.

Data-Driven

Detecting bolt loosening from vibration data is challenging due to variability and nonlinear effects that occur from
the contact interface in bolted joints (Teloli er al., 2022). Therefore, the proposal is to conduct a data-driven strategy
to detect loosening bolts from vibration signals. The dataset disposable by Teloli et al. (2021) was extracted from an
academic scale structure consisting of two assembled beams in a cantilever configuration and connected by three bolts
that provide controlled tightening torque conditions on the bolts in a joint lap configuration(Fig. 1). The Orion beam
dataset is available at the Mendeley repository (Teloli ez al., 2021). To exploit data for diagnostics and prediction, we
used the acceleration and velocity spectrum measurements available in Teloli ez al. (2021) to estimate the transmissibility
spectrum.
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Figure 1: Data-Driven (Teloli et al., 2021).

Damage Index

The damage index evaluates the structure’s condition as damaged or pristine, calculated using the Orion beam’s trans-
missibility considering different torque levels. By decreasing the torque values, changes in the resonance frequency are
seen. The torque conditions at 80 cNm and 60 cNm were assumed to be undamaged conditions, and below e.g., 30 cNm,
20 cNm, and 10 cNm were assumed to be damaged conditions due to the loss of connecting properties. The damage
index relates the dynamic response of the beam in damaged and health assumption and indicates the torque loss. The
damage index used in this work is the frequency response assurance criterion (FRAC) Heylen and Lammens(Heylen and
Lammens, 1996). It provides a representative metric in the frequency domain and is expressed such as

*12
‘Hidjamaged (f) (Hil;rzdamaged (f)) ’

H;Ajndamuged (f) ( Hib;ndamuged( f))* Hizj_amuged( 7) ( Hic;umaged ( f)) *

(D

FRAC;(f) =

where ”*” defines the complex conjugate operator, ”Hfljamgaw( f)” is the FRF vector on ”j” for the damaged excited on

» and “H"“"8“!(£) is the FRF vector for the undamaged, on the same aforementioned coordinates. The values of
FRACG;; indicate a scale between zero to unity. In case the F'RAC;; is equal to a unit, no damage is found, and the closer to
zero is detected an increase in damage severity.

The dataset generates 180 samples damage index. The entire transmissibility signal contains noise and small sensibility
to the torque loss. Hence, we calculated the damage index using the truncated signal in a frequency range between 1200
~ 1940 HZ, as shown in Fig. 1b, comprising the 5th and 6th mode shape. Aside from torque change, the damage indexes
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were also estimated for different excitation levels and repeat measurements considering the assembly/disassembly of the
structure.

Support Vector Machine

Support Vector Machines (SVM) are supervised machine learning techniques developed from the Statistical Learning
Theory that can be used for the classification and regression of structured data. In the case of linear classification, with
two classes, let {(x;,yi), ..., (xn,yn)}, @ training dataset with n observations, where x; represents the set of input vectors and
vi(+1,—1) is the class label of x;, the hyperplane is a straight line that separates the two classes with a marginal distance
(as seen in Fig. 2). The purpose of an SVM is to construct a hyperplane using a margin, defined as the distance between
the hyperplane and the nearest points that lie along the marginal line termed as support vectors.

X1
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Figure 2: Illustration of SVM.

We can define the hyperplane by Eq. (2), where we have the dot product between x and w added to the term b:

D(X):WT.X+I):C for —1l<cx1 )

where x represents the points within the hyperplane, w are the weights that determine the orientation of the hyperplane,
and b is the bias or displacement of the hyperplane. When ¢ = 0, the separating hyperplane is in the middle of the two
hyperplanes with ¢ = 1 and —1. The goal of an SVM is to maximise the data separation margin from the minimisation of
[|w||. This optimization problem can be obtained as the quadratic programming problem given by Eq. (3).
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where ||w|| is the Euclidean norm.

In real situations, applications are usually not linearly separable, this is due to the presence of noise in the data or the
problem may be non-linear. The adoption of soft margins relaxes the restrictions imposed on the optimisation problem
with the introduction of slack variables, allowing some data to have one or few misclassified instances with fewer margin
violations. In SVM to control error minimization and classification margin maximization is using the C parameter, called
the penalty or regularization. The value of C controls the margin, the number of support vectors, and the training and
testing errors, having a great influence on the classification performance of the SVM. Small values of C maximize the
margin that can lead to underfitting and a large value of C minimizes the margin that can lead to overfitting (Tharwat,
2019).

SVM can be applied to nonlinear classification problems using kernel functions, where it projects the sample space
over a higher dimensional space where the data are linearly separable. The most used kernels are Polynomial (Eq.4) and
Gaussian radial basis function (RBF) (Eq.5) (Tharwat, 2019).

K(x,y) = (("y)+1)? @)
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where x and y are vectors in input space, and d is the degree of the polynomial kernel.

K(x,y) = e*?’HX*yll2 5)

where 7 is a positive parameter for controlling the influence of new features on the decision boundary, and ||x —y||? is the
euclidean distance between x and y.

RESULTS AND DISCUSSION

The data were divided into training and testing sets before training the SVM classifier. Out of the total data samples,
75% of the data was used for training purposes and 25% for testing the model. By providing a training dataset, the
algorithm builds a model, which assigns the new test datasets to one of the two categories (Health or Damage). The new
test datasets are then mapped to the same space and predicted in their category based on which side of the space they are
placed. SVM takes a set of data as the input and predicts the two possible classes of each input.

The data-driven used in this study conting noise and randomness that do not follow a pattern (outliers), adding a
non-linearly separable, so the data will be in the middle of the road or on the wrong classification side, causing margin
violations. In this way, the most flexible linear SVM model is used to avoid violations by controlling a parameter C.
Figure 3 shows the decision limits and margins of the smooth margin SVM classifiers with different C parameters. The
idea is to find the best parameter to maintain the balance between the widest path and the least possible violation. For
a low value of C = 1 (Fig. 3a), the margin was maximized, increasing the number of support vectors and misclassified
samples, with a higher value of C = 100 (Fig. 3d) the margin is minimized, causing noise or outliers to determine the
decision limit, making the classifier sensitive to noise in the data. The parameter C = 10 (Fig. 3b) was the best result, as
it produces fewer prediction errors and most violations are on the right side of the decision limit. The parameter C = 50
(Fig. 3¢) could be chosen. However, with a smaller margin, although few samples are on the way, the samples on the right
side are closer to the decision limit.
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Figure 3: The impact of increasing C on the performance of linear SVM. Decision boundaries (solid line), two planes
(dashed lines), support vectors samples are marked by surrounding it by round shapes (green).
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As a result of SVM implementation to classify the bolted connection state in binary form, trained Linear SVM can
classify the test datasets for damaged and undamaged with s correct classification accuracy of 97.77%, which is a good
result for damage classification. The accuracy used only evaluates the model’s overall performance, and the proportion of
undamaged damage was correctly classified. The confusion matrix was used to analyze the data classification, providing
an overview of configurations identifying damages and their correct classification. The confusion matrix also indicates
errors and successes of the model in comparing actual and predicted values. Figure 4 shows the SVM confusion matrices
(number and percentage of predictions) in which they allow the correct classification of the state of the bolted joint for
the loss of torque to identify damage. The model failed to identify the damage, with an erroneous prediction of 2.22%
classified as undamaged (false positive).
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Figure 4: Confusion Matrix SVM Linear.

Figure 5a shows the SVM results calculated considering the training dataset. It can be seen that the calculated SVM
algorithm can separate the training datasets into undamaged (blue) and damaged (red), which have a certain violation
margin even though the instances are on the correct side of the decision limit. In this case, the algorithm did not lead to
prediction errors. Thereby the structure’s integrity prediction involves checking the side of the decision boundary from
the test point onwards.

Figure 5 shows the SVM result considering the training and testing data. It can be seen from the figure (5a) that
the SVM algorithm can separate the training datasets into undamaged (blue) and damaged (red), and there are margin
violations on the right side (blue). The samples are on the correct side of the decision limit, and there are outliers on
the right side of the margin. After training, predicting the structure’s status only involves figuring out which side of
the decision boundary will be classified. In this way, the test dataset was used. Fig. 5b shows the result with a good
classification of the states of the bolted joint, and it is still possible to see that there are outliers, but that despite the
problem, the model did not lead to large prediction errors, as seen previously in the accuracy with 97.77%.
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Figure 5: Dataset SVM Linear.

The Linear SVM classifier was efficient and worked well in this case, even in the presence of noise and outliers in the
dataset. However, there are cases where it is impossible to split the training data by a hyperplane. For this purpose, we use
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the resource of taking the training data to a higher dimensional space using Kernel functions. The choice of Kernel and
the parameters considered affects the performance of the classifier obtained, as they define the induced decision frontier.
At this stage of the work, we consider that the data are not linearly separable. Therefore, we observed the behaviour
of two SVM Kernels functions, polynomial and RBF, and assessed whether there would be any improvement in SVM
performance. Based on the performance results of C, the value of the parameter C = 10 was kept (C = 10), and the
parameter of the polynomial kernel function was of d = 3 and the RBF y= 1.

As a result of implementing SVM through the Kernel function, the test dataset regarding Health and Damage got the
correct classification accuracy percentage of 97.77% in both Kernel’s polynomial and RBF. This result is similar to that
found with Linear SVM. Fig 6 shows the confusion matrix where it was possible to observe where each model failed in its
prediction. For the nonlinear SVM polynomial kernel, the model failed with an erroneous prediction of 2.22% classified
as damaged (Fig 6a), and for the RBF kernel, it also failed with a wrong prediction of 2.22% classified as undamaged
(false positive), as shown in Fig 6b.
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Figure 6: Confusion Matrix SVM Nonlinear Kernel.

Figures 7-8 show the nonlinear SVM results of the kernel functions considering the training and test dataset. Figure
7a-7b shows that the decision limit of the polynomial Kernel was determined by the outlier, affecting its orientation and
leading to overfitting. The RBF kernel function (Fig.8a-8b) shows that the decision limits classify the points correctly,
covering the data dispersion well, there are still margin violations and outliers on the right side of the decision limit on
both training and test data but do not affect model performance.
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Figure 7: SVM Nonlinear Kernel Polynomial.
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Figure 8: SVM Nonlinear Kernel RBF.

CONCLUSIONS

SVM is one of the most popular supervised machine learning algorithms and has been used in many applications to
perform regression, linear and nonlinear classification using a kernel trick. As we saw in the results, the SVM classification
model’s performance depends on the choice of SVM parameters (penalties and kernel) that, if poorly selected, can lead
the model to underfit or overfit.

This work investigated the application of SVM machine learning tools to detect bolt loosening in a bolted joint struc-
ture. A damage index was calculated using the frequency response to classify the state of the bolted connection in binary
form (Health and Damage), and the behaviour of the SVM using kernel functions were also analyzed. The SVM analyzes
include illustrative examples to show the test error rate through the confusion matrix and decision limits.

It was possible to show in the results the ability of the Linear SVM classifier to detect the loosening of bolts satisfac-
torily using the measured vibration data. The results also showed that using a simple linear SVM with experimental data
from the Orion beam obtained good accuracy in the damage classification with 97% of accuracy. This result was similar
to the SVM models Nonlinear kernel polynomial and RBF.
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