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Bolt preload is a crucial factor in high-strength bolt applications, particularly for the Slip-critical blind bolts
(SCBBs). This study presents a novel nondestructive approach that leverages ultrasonic echo waves to accurately
detect the state of bolt looseness, addressing a significant research gap in the field of blind bolt looseness
detection. The proposed technique is uniquely suitable for blind bolted connections as it only necessitates access
to a single side of the connection. Nine types of SCBBs were tested and obtained approximately 4000 ultrasonic
echo signals with varying degrees of looseness. These signals have been transformed into image-based repre-

sentations using wavelet analysis, and deep learning techniques were used to classify and predict the looseness
level accurately. The performance of various damage assessment criteria, CNN models, and dataset sizes were
evaluated and compared. The proposed method was validated by classifying 400 datasets with a validated ac-

curacy of 97.30%.

1. Introduction

Preload is crucial for the mechanical performance of high-strength
bolts, particularly the slip-critical type, as it enhances the connection’s
reliability and affects its overall performance [1-3]. It has been proved
that the loss of the preload in the high strength bolt group will reduce the
connection strength and stiffness dramatically [4]. Various techniques
have been developed to measure bolt pretension in situ, such as [5-7],
piezoelectric active sensing method [8,9], acoustoelastic effect-based
method [10] and so on [11]. However, the challenge of monitoring
the looseness level of bolt preload with higher precision and
cost-effectiveness to facilitate the application in practice remains enor-
mous. On the other hand, the slip-critical blind bolt (SCBB) poses a
greater challenge for monitoring preload due to its special design for
connecting hollow section columns (HSC) and achieving high preload
with only one-side access [12,13]. As a result, few techniques are
applicable to this scenario. One such method is vision-based methods,
which have gained popularity recently [11]. It relies on the loosening
angle as the monitoring objective. Unfortunately, when a bolt shank
loses 30% of its preload, it only results in less than 0.5 degrees of nut
rotation [14]. Therefore, accurately defining the rotation angle close to
0 degrees using vision-based methods becomes challenging. Another

method to address the above challenge is the acoustoelastic effect-based
technique, utilizing acoustic emission (AE) signals. It has many advan-
tages such as low cost and rapid construction speed [10,15-19]. It also
has a short coming that a relatively cumbersome calibration process is
required to obtain individual calibration constants for each type of bolt
during previous experimental verifications.

Meanwhile, AE signals has been applied for detecting and locating
damage in numerous structural components, including beams, slabs,
walls, and full-scale structures [20], while the use of AE signals in the
monitoring of bolts still is a rarefied [21]. Zhang et al. [22] installed AE
sensors on connecting plates and used intrinsic mode functions of AE
signals to monitor the tightening condition of single-lap bolted joints.
But the method still has no ability to monitor the multi-type of joint with
some other surface properties. It’s worth furthering the use of AE signals,
but better in other ways to expand the scope of applicability.

Most of the deep learning-based methods have been used for the
identification of the looseness of bolts by recognizing the change of the
configurations visually, which are bad at capturing the precise change of
preload directly as mentioned above. Some of these methods utilize
sound signals [23], percussion-induced signals [24,25] or
impedance-based signals [26], hinting the possibility of applying the
deep learning to obtain the damage information in wave signals. There
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also exists some studies using deep learning to analyze the AE signals,
with the intention of damage detection and fault diagnosis. Madhusu-
dana et al. [27] presented a novel fault diagnosis approach utilizing a
decision tree and acoustic signal wavelet transform. This technique can
effectively detect and monitor the surface roughness, dimensional tol-
erances, and tool status of the milling cutter. The integration of AE
signals has shown promising results in detecting and localizing damages
in various one-dimensional and two-dimensional structural members,
including wooden and concrete beams [20]. It has also been applied to
rail crack monitoring, with synchrosqueezed wavelet transform to pro-
cess the AE data [28]. But this method with the combination of the AE
signals and deep learning for bolt preload monitoring is still a relatively
unexplored area of research. A common benchmark was created for
comparing data-driven methods in such cases [29].

They introduced a method for identifying multi-bolt loosening
through vibro-acoustic modulation signals. However, this approach was
exclusively validated for a specific connection involving four bolts. It
didn’t establish a universal correlation between monitoring outcomes
and the general loss of bolt pretension, which severely limited the
applying range of the method. Zhang and Liu [30] recognized the state
of flange bolt connection by extracting the eigenvalues of Mel-frequency
cepstral coefficients of AE signals and then using deep learning to
identify the features. Emmanuel Ramasso et al. [21] built a dataset made
of raw AE data streams and used supervised and unsupervised deep
learning to monitor loosening in two bolted plates. However, none of
them is targeting blind bolts.

In this paper, a method based on AE signals, referring to ultrasonic
echoes is developed to detect the preload looseness in SCBB, which has
the tor-shear bolt shank. This study has carried out a series of experi-
ments with different configurations of SCBBs. After achieving thousands
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of ultrasonic echo waves during the experimental process, wavelet
analysis provides an efficient way to transform the signals into image
information. And deep learning can classify the image and predict the
preload level in SCBB. The workflow of the proposed method, including
the process of dataset construction, suitable for real construction sites is
given. The performance of different damage assessment criteria,
different convolutional neural network (CNN) models and different
dataset sizes are compared and assessed as well. After choosing the best
criterion, CNN model and dataset size, the proposed method is validated
by classifying 400 data precisely and effectively. Diverging from many
deep learning-based approaches for visual recognition, this methodol-
ogy harnesses the inherent strengths of deep learning while not focusing
on identifying objects based on the connections’ appearance, which has
been approved to be invalid. It provides a good choice for detecting the
damaged bolted connections on practical projects, especially for blind
bolted connections.

2. Methodology

The primary objective of this approach is to differentiate the damage
data from the AE signals for SCBB connections. The proposed approach’s
workflow is depicted in Fig. 1. In the first step, the raw time series
dataset collected from the laboratory is transformed into image infor-
mation in the form of scalograms using continuous wavelet transform
(CWT). The primary goal of visualizing the time series dataset is to
utilize deep learning on the dataset to extract the damage data eventu-
ally. In the subsequent step, a CNN model is trained using the dataset
obtained in the preceding step. By utilizing the well-trained CNN model,
the various types of bolt preload looseness can be identified for the
detection data acquired on site. Then the condition of the bolts can then
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Fig. 1. Workflow of the proposed method.
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be reported and analyzed.
2.1. Wavelet analysis

Wavelet analysis is a mathematical method for decomposing a signal
into different frequency components, which can provide time and fre-
quency information about the signal. It has the characteristics of multi-
resolution analysis and has the ability to represent local features of
signals in both time and frequency domains. It is a time-frequency
localization analysis method with a fixed window size but a change-
able shape, where both the time window and the frequency window can
be changed. That is, it has a lower time resolution and a higher fre-
quency resolution in the low-frequency part, and a higher time resolu-
tion and a lower frequency resolution in the high-frequency part,
suitable for analyzing non-stationary signals and extracting local fea-
tures of signals [31,32].

The CWT is the widely used and efficient wavelet analysis tool for
analyzing signals in the time- frequency domain. It provides a contin-
uous, scale-varying representation of a signal, allowing for the analysis
of both the frequency content and the localization of the frequency
content over time. CWT is ideal for analyzing non-stationary signals and
can provide a more detailed time-frequency representation. It is
computed by convolving the signal x(t) with a wavelet function that is
translated and scaled in time:
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where ¢}, (t) represents the complex conjugate of the wavelet basis
function, which is called the mother wavelet or Complex Morlet wavelet.
o is the center frequency of the wavelet function. The scale variable s
and the transitional variable u in the wavelet transform represent the
width and location of the wavelet window, respectively. Specifically, the
scale s determines the frequency band of the wavelet function, while the
translation u defines the position of the moving window. The MATLAB
wavelet toolbox is employed in this study to use the functions.

2.2. Convolutional Neural Network (CNN)

The CNN is a type of artificial neural network that is used in com-
puter vision and image recognition tasks. It is designed to process grid-
structured data, such as an image, by performing convolution operations
on the input image to learn and extract meaningful features from the
data. The basic building block of a CNN is a convolutional layer, where a
small matrix called a filter is convolved with the input data to produce a
feature map. The filter slides over the input data, element-wise multi-
plying and summing the overlapping elements to produce a new feature
map. This process allows the network to learn spatial hierarchies of
features, where lower-level features are combined to form higher-level
features, that can capture the most relevant information from the
input data. After several convolutional layers, the feature maps are
passed through a pooling layer, where the spatial resolution of the data
is reduced to reduce the computational cost of the network and improve
the robustness of the features. A common pooling method is max pool-
ing, where the maximum value in each pooling region is taken to pro-
duce the new feature map. Finally, the feature maps are flattened and
passed through a fully connected layer, where each neuron in the layer is
connected to all neurons in the previous layer. The fully connected layer
outputs the prediction of the network, which is usually followed by a loss
function, such as cross-entropy, that measures the difference between
the network prediction and the ground truth. The gradients of the loss
function with respect to the network parameters are then computed and
used to update the network parameters in a process called
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backpropagation.

One of the advantages of CNNs is that they can learn to recognize
patterns in images that are invariant to translation, scaling, and other
geometric transformations. This is achieved by using convolution and
pooling layers that have shared parameters, meaning that the same
weights are used for multiple locations in the input data. This allows the
network to learn translations and other geometric transformations of the
same pattern, making it robust to small variations in the input data.

Convolutional Neural Networks are powerful tools in the field of
computer vision and image recognition. By using convolution, pooling,
and fully connected layers, CNNs can learn meaningful features from the
input data and produce accurate predictions for a wide range of image
classification tasks.

Among many CNN models, ResNet-50 CNN model has been proved
to have high efficiency and good performance [33], even in the field of
bolt loosening identification [29]. ResNet introduced the concept of
residual connections between its layers, which greatly improves the
training process by reducing the loss, maintaining knowledge gain, and
enhancing performance. In a residual connection, the output of a layer is
simply the sum of its input and a convolution of that same input..

3. Experimental Verification
3.1. Specimens and Test Setup

Nine groups of specimens are tested in this study. The bolt size varies
from 16 to 24 mm and the range of grip length is from 30 to 100 mm,
which is aimed to extend the size and multiplicity of dataset and
improve the generalization ability of the CNN model. The configurations
of specimens are listed in Table 1. All the bolts are tor-shear type [34].
Here “Number” means the number of specimens having the same
configuration in each group. The bolt loads transition from zero to the
values indicated as load range in Table 1. The load range is determined
by the bolt itself, as the torque-shear type bolt reaches its final preten-
sion when the tail end is twisted off. Each specimen was labeled as
MD-L-n, where D is the bolt diameter in millimeters, L is the grip length,
n denotes the specimen number in the same group. All the signal data in
this study is generated from these 36 specimens, considering different
bolt diameters, grip length and bolt length.

The test set-up, as depicted in Fig. 3, comprises essential components
such as the bolt load controlling system, data acquisition system, and so
on. In this setup, piezoelectric (PZT) sensors serve the dual purpose of
generating ultrasonic waves and capturing echo signals. Notably, a ring-
shaped pressure sensor with a 20 t range is employed here to achieve
precise pretension in bolts, as illustrated in Fig. 3. A temperature sensor
was supposed to measure the change of the temperature. However, due
to the limit of experimental condition, the influence of temperature is
not considered here. The change of room temperature was around 6 C,
which didn’t have significant impact on the measured results for time-
of-flight (TOF) method [34]. The bolt load controlling system applies
torque to the bolts, enabling force adjustments with a loading rate of
approximately 10 kN/min. This experimental configuration has previ-
ously been employed in a study involving an ultrasonic technique [34],
albeit with data collection focusing on TOF rather than the echo signals
analyzed in the current investigation.

The process of collecting ultrasonic echo waves is shown in Fig. 4.
For each measurement, only one PZT patch needs to be installed. The
probe, for generating and receiving the signals, can be used for all types
of specimens. The manufacturer of the equipment and probe is Shanghai
Tiancheng Industrial Co. Ltd., China. When the detection tests need to be
conducted on site, i.e. at the third step of the workflow in Fig. 1, the
signal generator and data acquisition system is the only instrument that
is necessary. It is the portable suitcase in Fig.3(b), which makes the
technique more possible to be applied on real sites.

Unlike the previous studies which were based on the ultrasonic
technique, this method doesn’t consider the influence of bolt size and
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Fig. 2. Framework of a CNN model used in this method.

In this study, a standard preload of 225 kN is established for M24 bolts,
while the subsequent sizes, M20 and M16 bolts, should maintain a
preload of 155 kN and 100 kN respectively. This indicates that if the
Specimen Bolt Grip Total Number  Load M24 bolt loses approximately 30% of its preload, it would function

Table 1
Configurations of specimens.

No. diameter length length range equivalently to a smaller M20 bolt. Furthermore, a 60% reduction would
(mm) (mm) (mm) (kN) c . . . .

restrict its functionality to that of the smallest M16 bolt. Likewise, for an

x;g';‘g ;g :g 23 : 12;"2 M20 bolt, a 30% reduction in pretension would result in it operating
- . o .

M24-30 24 30 70 4 264.0 solely as an M16 bolt. Ht?n.ce, a 1?0 % loss in preloafi .ha.s been selected as
M24-40 40 80 4 259.4 the threshold for determining this step. To be specific, if the preload loss
M24-50 50 90 5 228.9 in the bolt is less than 30%, the damage state would be defined as
M24-51 51 100 4 200.2 slightly loosening (SL); if it’s between 30% and 60%, the damage would
M24-60 60 100 3 272.0 be assessed as moderate loosening (ML); if the loss is larger than 60%,
M24-80 80 120 4 262.3 . . ; !
M24-100 100 140 4 258.1 the damage state would be critical loosening (CL). According to the first

criterion, three random ultrasonic echoes of different damage categories
are chosen from the data obtained during the tests, whose signal dia-
clamping length. The dataset would be built by integrating the data of all grams are shown in Fig. 5. Interpreting the state of the bolt directly from

specimens. The first task is to define the damage criterion and give the their individual signal shapes proves to be impractical in real-time on-
labels to each data. Then transform the wave data to images that can be site scenarios. Automating this process becomes crucial, and this study
identified by CNN models. achieves it through the implementation of a deep learning method,

providing an efficient and automatic means of reading the bolt’s state.

The second criterion is based on the stress level at the clamping area.
When the pretension in tightened bolt satisfies the specification [35,36],
the tensile stress in the clamping area of the bolt shank should be around
635 MPa. If the stress value is larger than 445 MPa, the damage state

3.2. Damage assessment criteria and time-frequency diagram

The first criterion is based on the individual bolt. The baseline is the
initial pretension load in the bolt shank when the tail is just twisted off.

Display wave .
and Save data Control bolt 1_0 ad
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Computer I Electric w
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and Data
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Fig. 3. Test set-up [34].
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Fig. 4. Process of collecting the signals.
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Fig. 5. Ultrasonic echoes at the first 0.01 s for each kind of damage categories.

would be defined as slightly loosening (SL); if it is in the range of
225-445 MPa, the damage would be assessed as moderate loosening
(ML); if the tensile stress in the bolt shank is less than 255 MPa, the
damage state would be critical loosening (CL). The stress is achieved by
dividing the measured pretension load by the cross-sectional area of the
bolt shank.

Based on different damage assessment methods, distinct labels have
been defined, resulting in the creation of two final datasets. The con-
struction of datasets will be discussed in the next section. These datasets
exhibit minimal differences, comprising the same signals, with only a
few instances possessing varying labels. The reason is the bolt shanks
were fabricated according to the strict requirements of the Chinese
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standard [35], which means their initial stress levels would be within a
certain range. But these distinctions still result in different performances
during the analysis, which will be described in Section 4.

The first criterion based on the bolt load was proposed because the
bolt load was the primary subject that this research focused on. The bolt
load has always been one of the most important design parameters for
high strength bolts in the standards or codes. But in this criterion, the
baseline is the initial pretension that the bolt achieves at the very
beginning. It means that the initial pretension needs to be measured and
the labels should be decided individually for each bolt. Then the second
criterion was proposed to get a common definition of labels for all the
bolts.

3.3. Dataset construction

The construction of datasets will be introduced in detail here. As
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mentioned in Section 2, the main idea of this method is to collect the
ultrasonic echo waves labeled with damage levels and then train the
CNN model to learn how to distinguish the damage information in the
wave data. During the tests, a total of 3964 echo waves have been
achieved and tagged with various pretensions. They are all from the
specimens described in Section 3.1.

To consider the frequency features in the ultrasonic wave data and
the temporal evolution, a CWT analysis is carried out on the relevant
data. CWT is applied to produce the time-frequency representation of
the ultrasonic echoes with around 2000 data points, which are the whole
segments of signals achieved in the experiments. The output of the CWT
is a 2D array, where the rows correspond to different scales (or fre-
quencies) and the columns correspond to different time points. Each
element of the array represents the strength or energy of the wavelet
coefficient at that particular scale and time. To visualize the results
better, the CWT coefficients are squared to obtain the power or energy at
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each scale and time, and the resulting 2D array is plotted as a heatmap,
referred to as scalograms, as illustrated in Fig. 6. The frequency scale is
represented on the y-axis, while the time scale is represented on the x-
axis. At the same time, the scalograms are saved as RGB figures with
sizes of 224 x 224x3 or 227 x 227x3 (depending on the inputting
requirement of CNN models). In the analytical process, the data set will
be randomly split into two groups in each analysis. The first group,
consisting of 80% of the original data set, will be utilized for training.
The remaining 20% will be reserved for validation purposes.

3.4. Training of the networks

The choice of hyperparameters is critical to deep learning [37]. Most
of the hyperparameters have been decided by following the instructions
from previous studies [29,37]. The training batch (Minibatch) size is 15,
and the round (MaxEpoch) is 20. The initial learning rate is 1le-4. The
monitoring index is the average absolute error. The damage function is
the mean square error. A dropout layer with a probability of 0.6 is set to
randomly drop 60% of nodes, with the aim of avoiding overfitting
further. Other initial parameter weights are given by MATLAB, which
are pretrained on the ImageNet dataset. The CNN program has been
written and run with MATLAB R2022a. The details of the computer
platform and environment configuration are shown in Table 2.

4. Results and discussion
4.1. Comparison of different damage assessment criteria

As mentioned in Section 3.2, this research has proposed two different
damage assessment criteria.

166 samples are adopted here to compare the performance of two
kinds of damage assessment criteria. The comparison results are sum-
marized in Table 3. Both criteria have 100% accuracy in the training
dataset, while the second one has much higher accuracy in the valida-
tion dataset, as 97.0%. It also means the second criterion would have a
smaller probability of error in prediction if it’s applied on real sites. And
the final training loss of that criterion is only 0.0008 and the validation
loss value is 0.1545. Overall, the second criterion has better
performance.

Besides, the criterion based on the stress-level value of the bolt shank
could compare all the SCBBs on the same level and get the health con-
dition of SCBBs directly. It also makes the process of dataset construction
easier by giving the labels (preload loss level) without a demand for
knowing the initial pretension in the bolt shanks. Hence the second
criterion would be chosen in this method, which is also used in the
following analysis.

4.2. Comparison of different CNN models

To choose the most effective and adaptive CNN model for this
research, six classical models are compared here in total, including
GoogLeNet, SqueezeNet, AlexNet, VGG-19, ResNet-50, and Mobile-
Netv2. The complete dataset created in Section 3.3 is utilized for this
part. The training parameters are uniformly established throughout the
training and validation process to ensure optimal comparability, which
also follows the description in Section 3.4. Fig. 7 depicts the accuracy

Table 2
Computer platform and environment configuration.

Software and hardware platform Model parameters

Operating system Windows 11 a 64-bit system

CPU Intel(R) Core (TM) i7-7700
GPU AMD Radeon R7 450
Memory 16 GB

Programmed environment MATLAB R2022a

Structures 64 (2024) 106521

Table 3
Comparison of performance with different damage assessment criteria.
Criterion  Accuracy (%)[38] Loss[38]
Training Validation Training Validation
Dataset Dataset Dataset Dataset
First 100.0 91.2 0.0009 0.2223
Second 100.0 97.0 0.0008 0.1545

and loss rate curves of all the models using the training or validation
datasets. The summarized results of accuracy and loss are presented and
compared in Table 4.

As shown in Fig. 7, all the models converge at about 1500 iterations.
Though the training curves of the models except ResNet-50 still have
fluctuation after that, the validating curves stay smooth at the later
stage. Out of all the models, ResNet-50 exhibits the quickest conver-
gence and attains the highest validation dataset accuracy. It converges
after only 200 iterations. Additionally, it has the lowest loss values for
both the training and validation datasets, which are 0.0002 and 0.0515
respectively. AlexNet model has the opposite performance with the
lowest accuracy for the validation dataset and high loss value for both
the training and validation datasets. SqueezeNet and GoogLeNet have
poor performance of convergence as well, which is clearly shown in
Fig. 7(b). VGG-19 had the largest loss value for the validation dataset.
MobileNetv2 demonstrates favorable convergence speed and low loss
values compared to the other models, excluding ResNet-50. However, its
accuracy in predicting damage situations on the validation dataset is
below 97%. Taken together, ResNet-50 exhibits the most superior per-
formance and, as such, has been selected as the optimal CNN model
employed in this study. Subsequent analyses will accordingly adopt this
model.

4.3. Sensitivity analysis of dataset size

The extraction of nonlinear features is dependent on images, which
are sourced from various datasets. The recognition performance of the
model is largely determined by the dataset used. To investigate the
impact of dataset size on the outcomes, and also to decide the most
suitable dataset size for the proposed method, eleven different dataset
sizes ranging from 200 to 3964 are chosen for model training. The new
datasets are formed by randomly selecting data from the original data-
set. ResNet-50 model, which is mentioned and compared in the last
section, is adopted here. Table 5 shows the accuracy of models trained
using five different dataset sizes.

It is evident that the accuracy of the model on the validation dataset
increases as the dataset size grows, particularly when the dataset size is
less than 2000. The training dataset consistently achieves a perfect ac-
curacy score of 100%. Across the various dataset sizes, the validation
accuracy ranges from 91% to 98.4%. Impressively, even with only 1000
images in the dataset, the ResNet-50 model still achieves a high accuracy
rate of 95% on the test dataset.

To ensure that the model has a higher accuracy and generalization
capability, it is crucial to have sufficient image samples. This ensures
that the model can learn subtle nonlinear features and differentiate
between similar features [27]. The variation in verification accuracy and
test accuracy is minimal when the dataset size exceeds 2000. Table 5
shows that with a dataset size of 2000, the validation accuracy is 98.3%,
and the loss values for the training and validation datasets are only
0.0003 and 0.0566, respectively. In summary, with a dataset size of
2000, the ResNet-50 model achieves remarkable recognition perfor-
mance, with stable and strong generalization ability.

4.4. Validation of the proposed method

This part is intended to validate the proposed method with the rec-
ommended criterion, CNN model and dataset size. A ResNet-50 model
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Fig. 7. Comparison of different CNN models.

Table 4
Comparison of performance of different CNN models.
CNN model Accuracy (%) Loss
Training Validation Training Validation
Dataset Dataset Dataset Dataset
GoogLeNet 100.0 97.9 0.0029 0.0607
SqueezeNet 100.0 97.2 0.0008 0.0808
AlexNet 100.0 96.2 0.0021 0.1203
ResNet-50 100.0 98.4 0.0002 0.0515
MobileNetv2 100.0 96.9 0.0004 0.0962
VGG-19 100.0 97.0 0.0008 0.1545
Table 5
Comparison of performance of different dataset size.
Dataset Accuracy (%) Loss
size
Training Validation Training Validation
Dataset Dataset Dataset Dataset
200 100.0 92.5 0.0008 0.3333
500 100.0 91.0 0.0005 0.3273
1000 100.0 95.0 0.0002 0.1529
1500 100.0 94.7 0.0001 0.1663
1800 100.0 97.5 0.0001 0.0674
1900 100.0 98.2 0.0002 0.0428
2000 100.0 98.3 0.0003 0.0566
2500 100.0 97.6 0.0002 0.0889
3000 100.0 98.0 0.0003 0.0475
3500 100.0 98.1 0.00001 0.1116
3964 100.0 98.4 0.0002 0.0515

trained by the above 2000 dataset based on the second criterion is used
here to judge the damage levels of some new data. The confusion matrix
and some classification indexes, e.g. Precision, Recall, False positive rate
and F1-score [25,29], are applied here to assess the performance of the
proposed method, as shown in Fig. 8 and Table 6. The Precision, Recall,
False positive rate and Fl-score can be calculated as following
equations.

TP
Precision = —— 3
TP + FP 3
cL 3 1 1.9%
ML 1 89 3 43%
2
=
[
g SL 1 1.0%
=

1.0% 33% 3.8%

CL ML SL
Predicted Class

Fig. 8. Confusion matrix.
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Table 6
Classification performance of the proposed method.
Label Precision (%) Recall (%) False positive rate (% ) Fl-score
CL 99.02 98.06 0.01 0.99
ML 96.74 95.70 0.01 0.96
SL 96.15 99.01 0.01 0.98
Average 97.30 97.59 0.01 0.98
TP
Recall = ———— 4
TP + FN @
. FpP
Falsepositiverate = ————— )
TN + FP

Fl — score — 2 x Precision x Recall ®)
" Precision + Recall

where TP is True Positive, i.e. true class and predicted class are both
positive. FP is False Positive, i.e. true class is negative, while predicted
class is positive. TN is True Negative, i.e. true class and predicted class
are both negative. FN is False Negative, i.e. true class is positive, while
the predicted class is negative [25].

On average, the precision across all three labels indicates that the
trained ResNet-50 model has an overall accuracy of 97.30%. Further-
more, the model exhibits exceptional performance on the CL class, with
a precision exceeding 99% and an F1-score surpassing 0.99. Notably, the
false positive rates for all classes are as low as 0.01. These results affirm
that the proposed method, with its unique criterion, CNN model, and
dataset size, is proficient in detecting damage information from ultra-
sonic echoes and accurately classifying damage levels.

5. Concluding remarks

Bolt preload plays a key role in ensuring the stability and structural
integrity of bolted connections, as improper or inadequate preload can
lead to premature failure or reduced performance of the system. How-
ever, monitoring bolt preload accurately and reliably has proven to be a
formidable challenge, particularly in the case of high-strength SCBB
preload loosening. This challenge arises due to the difficulty in assessing
bolt preload non-destructively and one-side, as conventional inspection
methods such as visual examination or torque measurement may not
provide adequate or accurate information on the actual preload level. In
this paper, a damage detection technique for identifying bolt load
looseness, especially for SCBBs equipped with tor-shear bolt shanks is
presented. This innovative approach leverages the utilization of AE
signals, wavelet analysis, and deep learning techniques, to deliver a
comprehensive and precise damage detection system.

Nine kinds of SCBBs have been tested in this research. About 4000
ultrasonic echo signals have been gotten with various degrees of
looseness. And the dataset has been built based on these signals. Wavelet
analysis offers a powerful and efficient means of transforming signals
into image-based representations, while deep learning techniques can
effectively classify these images and accurately predict the looseness
level in SCBB. This paper also encompasses a comprehensive workflow
and a practical dataset construction process specifically designed for
deployment on real construction sites. The performance of various
damage assessment criteria, CNN models, and dataset sizes are thor-
oughly evaluated and compared. Notably, the criterion based on the
stress-level value of the bolt shank demonstrates superior performance,
while the ResNet-50 CNN model achieves the best generalization ability
and the most accurate nonlinear feature extraction among all the CNN
models evaluated. Moreover, a dataset size of 2000 is deemed the most
effective and reasonable. Following the identification of the optimal
combination of factors, the proposed method is validated by accurately
and effectively classifying 400 datasets, achieving a validated accuracy
of 97.30%.
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This method has overcome the shortness of the detecting technology
based on TOF, which needs individual calibrations for each kind of bolt.
In addition, compared with other methods like the popular vision-based
method, the proposed technique boasts exceptional identification ac-
curacy and stability, ensuring reliable and consistent detection of bolt
looseness. The detecting device itself is also highly portable and
compact, enabling easy deployment and integration into real-world
applications with minimal disruption. This feature enhances the appli-
cability and versatility of the technique, making it well-suited for a wide
range of industrial and structural settings. With these advanced capa-
bilities, the proposed technique represents a significant advancement in
the field of bolted connection monitoring, especially blind bolted
connection monitoring and has the potential to transform the way in
which bolt preload is assessed and managed, particularly in safety-
critical applications where reliability and performance are of utmost
importance. This technique hasn’t had the opportunity to be applied on
site. Future work will be conducted out of the laboratory to discuss the
influence of complex environmental situations.
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