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Abstract

Steel beam structure can be seen in various applications such as buildings,
bridges, and machinery, ... The process of identifying fatigue damage in steel
beams play an important role to keep these structures working reliably. Over the
years, there have been numerous studies that have applied deep learning to
monitor such systems. The majority of these methods rely heavily on the
labelling of healthy (non-damaged) states and damaged states of the beam system
in order to derive the Health index (HI). Our approach, which involves using a
CycleGAN model to evaluate a HI without any access to the damage label of the
beam model. The method consists of 3 steps: (1) Collect healthy state data for
training and damaged data for evaluating on the steel beam system, (2) Train a
CycleGAN model to learn a two-way mapping between healthy states data of the
beam and a normal distribution, (3) Calculate the HI based on the CycleGAN
model and provide a damage threshold using three-sigma method. Beside the
calculation of HI, analysis on the mapping of the CycleGAN model is conducted,
the trained model is also used to transfer learning to classify the level of damage
with moderate accuracy.

Keywords: Al in structural engineering, Beam, CycleGAN, Health Index, Health
monitoring, Vibration.
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1. Introduction

Damage detection in structures, such as beams, is a crucial step in ensuring their
safety and longevity [1]. In recent years, advancements in artificial intelligence
(Al) have led to the development of novel techniques for damage detection in
structures [2-4].

Vibration signals provide information on the structural response of a structure
to external excitation and can be used to identify the degree of damage. Al
approaches often involve classification, or regression tasks on these vibration
signals in order to acknowledge the degree of damage of the structure like
mechanical parts or bearing, ... In order to acquire the damage data requires
considerable effort and cost. The data for damaged scenarios is rare and sometimes,
impossible to get, i.e., bridges, buildings, for example, when testing the
functionality of a structure, fatigue cracks are often difficult to predict, and any
load can cause crack propagation unless we use harmonic excitation to analyse
vibration signals. In addition, this also needs the long-term impacts that require
sustained data collection over extended periods.

It is difficult to categorize the extent of damage due to the various factors of
structures. Labelled data is often unavailable, making supervised algorithms
ineffective. The definition of level of damage is somewhat ambiguous. It also
depends on the initial condition of the steel beam, for example, a steel beam with
different carbon content or different surface condition can lead to a variety of
damage which makes labelling data become a challenge.

To address the two mentioned issues, unsupervised learning methods are a
better solution for dealing with insufficient data by identifying patterns and
grouping similar instances together. In some recent studies, unsupervised learning
has been widely applied in damage detection, with specific mention of
methodologies such as AutoEncoder [5, 6] and Variational Autoencoder (VAE)
[7]. Juan Wen and Gao [8] proposed this approach and kernel density estimation to
construct HI for the vibration data of a ball screw only using undamaged data,
which avoids the labelling problem mentioned above. However, these
unsupervised approaches mainly rely on the reconstruction loss of the model to
compute the health index, the latent representation is abandoned, have not been
utilized to detect damage of the system, or used for downstream tasks such as
classification or regression.

GAN:Ss, a type of generative adversarial network, have shown promising results
in a variety of computer vision, domain translation [9], also anomaly detection [10-
12]. Luleci et al. [13] employed WDCGAN network, using vibration dataset as
input to generate new dataset. The strength of this approach is that it effectively
addresses the challenge of imbalanced and limited data. Nevertheless, the data
regeneration aspect of GANs also encounters issues related to mode collapse.
Goodfellow et al. [14] highlighted this concern, attributing it to limited data, which
makes less effective discrimination, consequently diminishing diversity in the
generated samples.

CycleGAN, which is a variant of GANs, has shown impressive results in
anomaly detection in the medical field [15]. The model proved to solve problems
related to mode collapse. Furthermore, latent representation of CycleGAN can be
utilized to explain the anomaly. However, the application of this model in the fields
of structure health monitoring is yet to be studied.
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Briefly, in this study, we aim to investigate the potential of using CycleGAN
— a variation of GANs — for damage detection in beams. The objective of this
study is to evaluate the performance of CycleGAN for damage detection in steel
beams. We will use vibration signals of normal working state only and will train
and test a CycleGAN model to calculate HI for damage detection and use the
model to extract meaningful features for supervised downstream tasks. The
results of this study will provide insights into the effectiveness of CycleGAN for
damage detection in structures, and the explain-ability of latent representation
generated by vibration signals.

2. Background
2.1. Health Index

Health index (HI) is a quantitative measure that is used to evaluate the severity of
damage caused by cracks in the beam structure. It is calculated based on the
dynamic response of the beam to a certain excitation, such as a force or an impact
[16]. The health index provides a numerical value that reflects the degree of
damage and can be used to identify the location and severity of the crack. By
monitoring the health index over time, it is possible to track the progression of the
damage and to determine when maintenance or repair is needed. The use of health
index in crack detection of beams is becoming increasingly popular due to its
simplicity, accuracy, and ability to detect early stages of damage.

The equation for calculating HI can vary depending on the specific approach
used for crack detection in beams. The health index in study of Wen et al. [8] is
typically defined as the comparison between the input and output of a system,
where the reconstruction error is determined by the mean squared error (MSE)
method. This method quantifies the difference between the input and output data
using the following Eq. (1):

HI = E[(x — %)?] 1)

where x is the input data, X is the reconstructed data, given by the VAE model. If
X is different from the learned data — which means that anomaly behavior in data
occurs, then the VAE model will not be able to perfectly reconstruct x, because the
model is only learned on normal condition data, leads to the value in (1) rises and
indicates faultiness. By using health indexes and reconstruction error metrics like
MSE, researchers can gain valuable insights into the performance of the system
and identify areas where improvements can be made. These tools are particularly
relevant in the field of machine learning and artificial intelligence, where complex
systems can be difficult to evaluate using traditional methods.

2.2. GANs

Generative Adversarial Networks (GANSs) [14] are a type of deep learning
architecture that has gained significant attention in recent years due to its ability to
generate new and diverse data samples. GANs consist of two main components, a
generator and a discriminator, both are simple neural networks, which are trained
in a game-theoretic manner. The training process of these two components
resembles a two-player game, where players try to fool each other and then improve
over time. The generator creates new data samples, while the discriminator
evaluates the realism of the generated samples. The training process continues until
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the generator is able to create samples that are indistinguishable from real samples,
as determined by the discriminator.

Convolutional Neural Networks (CNNs) are commonly used in GANSs,
called DCGANSs [17] due to their ability to effectively recognize patterns in
images. GANSs have been successfully applied in a variety of fields, including
computer vision, natural language processing, and audio synthesis, and have
shown promising results in tasks such as image synthesis, data augmentation,
and style transfer. Compared to results given by other modern generative
models like VAE or AutoEncoder, GANs model give superior quality samples
but suffer from instability during training such as in stability during training
and mode collapse problems, but later on fixed to become more reliable with
numerous techniques [18, 19].

The loss function for the GAN can be formulated as the following equation:
Lean(G, D) = E[log(D(x))] + E [1og (1 - D(6(x)))] 7))

where D represents the discriminator network, G represents the generator network,
x € X represents a sample of the real data, and z € Z represents the random noise
input, real data are labelled 1 and synthesis data 0. Generator’s task is to minimize
this loss, while discriminator’s is to maximize it. Detail architecture of a GAN
model is given in Fig. 1.
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Fig. 1. GANs basic structure.
2.3. CYCLEGAN

Cycle Generative Adversarial Networks (CycleGAN) [20] are a variant of GANs
that are designed to address the task of unsupervised image-to-image translation,
or wider, domain translation. In this network, two GANs are trained to learn
mappings in opposite directions between two different domains. The generator in
one GAN learns to translate images from domain X to domain Z, while the
generator in the other GAN learns to translate images from domain Z back to
domain X. Structure of a CycleGAN model is presented in Fig. 2.
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Fig. 2. CycleGAN basic structure.

Other modern unsupervised method that has already been used for fatigue
damage detection, such as VAESs have to use the reparameterization trick on the
embedding space in order to reconstruct the given input and optimize a lower bound
of the log-likelihood thus the quality of the generated samples is often poor and
less realistic than GANs model. To perform damage detection with VAE, the input
sample and reconstructed sample (as noted in Eq. (1)) is required for the calculation
of the detection score [7]. GANs does not provide reconstructed data, only the
CycleGAN variant provides such reconstructed samples to perform detection.
Furthermore, the two discriminator’s scores can also be utilized into the damage
detection step to improve accuracy and boost the performance, since the
discriminators are trained to recognise non-realism data.

To ensure that the mapping between the two domains is a consistent bijection,
the cycle consistency loss is used in CycleGAN. This loss encourages the translated
image to be consistent with the original image after translating back and forth
between the two domains. By incorporating the cycle consistency loss, CycleGAN
has shown to be able to learn complex and diverse mappings between domains,
even with limited data. The cycle consistency loss, which is given by the equation:

Lcyc(GFv Gg) = ”GB(GF(x)) - x|| + ”GF(GB(Z)) - Z” €))

where x and z are the data points from the two domains, G represents the forward
generator, and G represents the backward generator. The loss function penalizes
the difference between the reconstructed and original images and helps the network
learn a meaningful mapping between the domains. Let D,, Dy be the discriminators
that distinguish real data samples from the samples that are created by the G5 and
Gp. Then according to Zhu et al. [20], the full CycleGAN objective is:

L(Gr, Gg, Dz, Dx) = Lan(Gr, D7) + Lgan(Gg, Dx) + /u'cyc(GF: Dg) 4)
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3. Method
3.1.Network architecture

Our architecture consists of four components: two generators and two discriminators.
The generators contain nine dilated convolutions blocks and two fully connected
layers. Each dilated convolution block comprises a dilated convolution layer, inspired
by Oord et al. [21], and a batch normalization layer [22]. The dilation of each block
is doubled for every block in the model: 1, 2, 4, 8, ....., 256.
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Fig. 3. Network architectures.

Nine dilated convolution blocks act as a trainable feature extractor that feeds
two fully-connected layers to process. Dilated convolution was originally used to
generate waveform data [18], which suits the settings of this research. It helps
increase receptive fields exponentially with depth thus enabling larger data
windows as input for the model while preserving the input resolution and
improving computational efficiency. Batch normalization is also added to solve the
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problem of gradient vanishing in deep neural network models. We use LeakyRel U
activation with a negative slope coefficient of 0.2 - which is a common activation
function among GANs models. Input data with shape 1024 will be passed through
the network, through the forward generator, which acts as an encoder, then outputs
a latent representation with size 128. The backward generator is a decoder which
possesses a symmetrical design as the forward generator, we pass in the latent
representation and output a series with size 1024.

Discriminator for the latent representations consist of five fully-connected
layers, discriminator for the vibration signal is analogous to the architecture of the
forward generator but instead of producing the output with size 128, it produces
only the score for the input data. Both discriminators have dropout to encourage
generality and have a minibatch standard deviation layer [18] at the end to avoid
mode collapse like mentioned in [19]. Besides generality, dropout also makes
discriminators less overconfident, which may harm the training process and lead to
mode collapse. The contribution of the minibatch standard deviation layer is to
make the discriminators aware of the diversity of data in the same input batch,
encourage the generator to be more diverse and more general, and prevent the
overall model from collapsing. Architectures detail is given in Fig. 3.

3.2.Training details

Data of the normal state of the cantilever beam is collected and divided into two
sets: for training and validating with ratio 80:20. Validating data is important
because later on, after training finished, we will use our discriminator to derive the
health index of the beam. These discriminators normally abandoned after
generators are trained, but our method makes use of the discriminators pair to
enhance performance. Validation set is used to create a threshold for the HI to
indicate damage. Training data are first transformed to have a zero mean and unit
variance before training. In order to stabilize training process, least-square loss are
used [23], so the model loss is rewritten:

Lusoan(@,0) = E[(0@)’] + E[(1 - (6c0))’] ©)

Training algorithm is similar to the algorithm mentioned in [17], but here, we
introduce another loss factor given in Eq. (6). Let x,ie~N(0,1) and
Znoise~ N (0,1) be noise that will be added to training data and corresponding latent
so that. So, the full objective is written in (7). The addition of L,,,;s. term of loss
encourages both generators to be more active when there is noise injected to its input
and stabilize training as well, since there is noise introduced by various factors from
the data collecting process, i.e., hoise from the environment or from the sensor.

The network is trained around 70 epochs until converge with Adam solver
optimizer with learning rate 0.0001. The pair of discriminators are updated N = 3
times for each generator’s update. Here, Z is the Gaussian distribution.

Update rule for generators is given in Algorithm. 1.

Lnoise(Gr, Gg) = ||Ga(Gr(®)) — 2|| +||6£(6a(2)) - 2| (6)
(GFr GBr DZ! DX) = LGAN(GF’ DZ) + LGAN(GB! DX)
+Lcyc (GFr GB) + Lnoise (GFf GB) (7)
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Algorithm. 1. Training code for generator’s update
1: Sample a minibatch of training sample:
x~X
zZ~7Z
2: Sample random noise:
X & X + Xpoise Where x,,5ise ~ N(0,1)
7 « Z+ Zpoise Where z,q:. ~ N(0,1)
3: Calculate the full objective according to (7):
L(Gg,Gg, Dz, Dx) = Lgan(Gr, D7) + Lan (G, Dx)
+Lcyc(GF' GB) + Lnoise (GFﬂ GB)
4: Update the generators

3.3.Health index identity

The health index by using the model’s loss function but omitting the L,,,;s. part.
For each data point x, HI is calculated as shown:

HI = [|x = G5(G:@)|| + (1 = D))" + (1 - DZ(GF(x)))Z ®)

The health index proposed combines multiple indicator terms to raise the
stability and reliability since a health index relying on only one term is vulnerable

to errors. The first partition ||x - GB(GF(x))|| in the health index formula is the

comparison between the originally input data, whether it belongs to the damaged
or undamaged beam and the reconstructed data from the CycleGAN model. If the
input data is extracted from an undamaged beam, the value of the first term will
be low since the model has already seen it in training and should be able to

recreate the data with ease. The second term, (1 — DX(x))z represents the opinion
of the discriminator that tells which input data is real and which one is not, in this
particular setting, it shows which input is taken from a good condition beam and

2
which is not. The last term, (1 - DZ(GF(x))) is similar to the second term in (8),

but this time the discriminator judge based on the embeddings that was created
by passing data through the forward generator. Since these two discriminators
can indicate the outlier in given data, the inclusion of the two additional terms is
to enhance the HI quality.

To quantify the health index, we employ a threshold based on the three-sigma
rule, such as in [24], which facilitates a reliable estimation of the normal
distribution of the data as shown in Eq. (9). Three sigma rule is a well-known
technique in statistics, used mainly to specify the significance of a data point and
detect outliers when the population is assumed normal. By analysing the vibration
patterns over time, we can detect any deviations in the signals. Applying the three-
sigma rule to the HI can pinpoint any data points that significantly stray from the
expected range of values indicating the presence of a beam defect or fault, here, we
only use the upper bound of the rule, with the normal assumption of the prediction
errors to guarantee the 99.87% prediction intervals.

Threshold = HI + (3 X s) )

where HI is the Health Index mean for the normal condition of the beam, and s is
the sample standard deviation of HI in normal condition of the beam.
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4.Experiment
4.1. Experiment setup

Based on the 1SO 20816-2018 standard, the sampling frequency is chosen to be
16,000 Hz and the time for each sampling is 60 seconds. On each beam, signals are
collected in normal state for training purposes. Then, stimulation is created to cause
damage to the sample.

After creating the crack in the specimen, the beam will be vibrated
continuously, and samples will be taken every 1 minute. Each sample taken must
follow the rules, waiting for the system to be stable before taking the sample, and
the process of taking the sample must be completed before the engine can be
stopped. There is a break time between each sample taking because when in
operation, the heat generated by the engine affects the measurement result.

The experimental system setup, shown in Fig. 4, was constructed using: the
frame, a beam, an accelerometer and a motor.

= -

Sampling Device

—_— T
- E

Frame

Fig. 4. Experiment system.

« Frame: The frame of the system is made of aluminium. Its main purpose is to
isolate vibrations and avoid interference during the sampling process.

e Beam: The beam has a length of 1 m, a width of 30 mm and a thickness of
3 mm. The beam material is CT3 steel (density p = 7820 kg/m?, Young’s
modulus E = 200 x 109 N/m?). Moreover, beam is fixed by 2 fixed ends and
attached to the vibrating motor in the middle. The beam experimental system
is assembled as shown in Fig. 5.

Motor Accelerometer

jolld

K K

Beam

Fig. 5. Schematic of system.
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Vibrating motor: The vibrating motor is a DC Motor, which is attached directly
in the middle of the beam to create a uniform transmission cycle. The motor
shaft is connected to an off-centre wheel and rotates at a constant speed.

Accelerometer: An accelerometer is securely attached to the beam to
measure the vibration signal. The range is chosen from —196 m/s? to
196 m/s? and the sensitivity is 4.00% FSV/g. The DIGIDUCER 333D01
model (PCB Piezotronics, Inc., USA) was selected for its exceptional
specifications. It includes sample rate support ranging from 8 kHz to 48 kHz,
an internal ADC of 24 bits, and low nonlinearity capped at < 2%. The
accelerometer signal is a temporal signal that is amplified and then
transmitted to the computer via the communication board computer sound
card. Subsequently, the signal is subjected to neural network training to
accurately identify instances of damage.

Hardware: Following the block diagram in Fig. 6, The hardware configuration
is composed of three main modules with distinct functionalities. The Power
Supply Module allocated 12V for motor operation and 5V for controller
functionality. The Controller Module integrates a microcontroller unit
(STM32F103C8T6) and a dedicated motor driver (L298N). These components
regulate the speed of the vibrating motor. The last unit is the communication
module, using the plug of the sensor into a USB port on the computer.

Software: The computer will collect the vibration signal and save it in the data
repository. The signal is recorded through Multi Instrument software. One of
the measurement results is presented in Figs. 7 and 8.
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Fig. 4. Block diagram of hardware.

Journal of Engineering Science and Technology April 2024, Vol. 19(2)



Fatigue Damage Quantification for Structural Health Monitoring of Steel . . .. 715

Ta T “Tow — ol

Fig. 5. Measurement display of multi instrument software.

Custom Y vs X Line Plot

‘ M i
1 Mﬁ!\ | W, I
AT TR b,

W J ! T .| /
NL\'(\}"‘“'N M\‘J\_ "N’ 2 '\,‘J"w‘”f

i

| AJ" '\r\f ﬂ

i

50 100 150 200 250 300 350 400 450 500 S50 600 650 70 750 800 80 90 950 1000 1,050 1,1C
X

Custom Y vs X Line Plot

TR L TR, W L '
:MWM{V H"'\m\!.,,r;fﬂ i *;J‘NL'A ¥y ,V'\,""/

0 50 00 150 00 250 00 350 40 45 500 S0 600 60 700 750 80 80 %00 950 1000 1050 1,100

Fig. 6. Data of damaged level 4 (above)
and reconstructed data by the model (below).

4.2. Sampling process

Simulating the damage level of beams is a complex task, given the numerous
influencing factors including temperature, material properties, ... If allowed to
fatigue naturally (without additional impact) during experiment operations, it will
take a significant amount of time for the beam to enter the damaged state.
Therefore, the beam will be initially sheared to induce a stress concentration at a
specific location, facilitating the simulation of crack development and allowing for
amore accurate representation of the beam's damage process. There is total 9 levels
of damage (ranging from 0 to 8), with each level estimated based on the depth of
the cut. Experiment is conducted on 2 beam’s conditions: oxidized and idealized.
Each beam is cut into at intervals of 3mm to simulate the damage, and this process
is repeated until all 9 levels of damage have been simulated. However, the
challenge of this method is the absence of the initial damage condition of the beam.
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Therefore, the experiment is conducted on 2 beam’s conditions: oxidized and
idealized. This method allows for a precise and controlled evaluation of the beam’s
strength and durability as it undergoes varying degrees of damage. The received
signal has a sinusoidal shape. The recorded phenomena are shown in Table 1.

Table 1. Phenomenon of each beam.

Damage Level Condition 0 1 2 3 4 5 6 7 8
Beam 1 A 0 01112 2 23
Beam 2 A 0 00 1112 2 3
Beam 3 B 0 01122 2 23
Beam 4 B 0 011 2 2 2 33
Note: 0: Beam oscillation is stable 2: Beam oscillation is really strong
1: Beam oscillation is strong 3: The beam is destroyed
A: Idealized beam B: Oxidized beam

5.Results and Discussion
5.1. Health index evaluation

In our research, we have utilized the three-sigma rule (as presented in Eq. (9)) to
determine the condition of our beam damage detection system. Data points that have
a HI higher than the three-sigma threshold mentioned above will be listed as damaged
data points. This means that if a data point falls beyond this threshold, it is considered
to be significantly different from the rest of the data, and therefore flagged as
potentially damaged. The ratio of potentially damaged data points over the total
number of data points taken at a single sampling step is summarized in Table 2.

Table 2. Ratio of potentially damaged data points in beams.

Damage Level 3 4 5 6 7 8
Beam 1 3.1%0.0% 48.1% 78.1% 64.0% 100.0%
Beam2 0.0%0.0% 0.0% 0.0% 17.2% 100.0%
Beam 3  0.0%0.0%100.0%100.0%100.0%100.0%
Beam 4  0.0%0.0%100.0%100.0%100.0%100.0%

In Figs. 9 and 10, we observe that the threshold is divided into two distinct
regions, allowing for the differentiation between healthy and potentially damaged
beams. Specifically, when the health index exceeds the threshold, it is indicative of
severe damage to the beam. This threshold-based approach enables the timely
identification of potential damage, allowing for appropriate remedial action to be
taken before catastrophic failure occurs.

The analysis of Figs. 9 and 10 reveal that the degradation trend of the four
beams is largely dependent on their respective initial starting times and conditions.
This dependency can be seen in Table 2, beam 3 and 4, which is oxidized, degrade
faster than the idealized case of beam 1 and 2. This can be interpreted that oxidized
beam have multiple cracking pattern or defects on its surface, which is the ideal
initial condition for fatigue failure to progress aggressively compared to idealized
case where ratio of potential damage data points reach 100% very late (at damage
level 8). However, despite this initial variability, and condition, the overall
degradation process can be decomposed into three distinct primary phases:
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. 8. HI and ratio of potentially damage of beam 3 and beam 4, condition B.

The stabilization phase occurs at the start of the beam’s operational cycle, where
there is a gradual and nearly linear loss of degradation (with a negligible slope) that
is particularly evident within the 0 to 4 range. As a result, we can safely conclude
that there will be minimal shifts in the system’s characteristics during this period.

Transition phase: This is the stage where the system transitions from the
stabilization phase to the failure phase. Initial defects emerge during this
phase, leading to a more rapid deterioration. This trend is particularly
noticeable be- tween levels 4 to 6 for the idealized case and occur faster at
levels 2 to 3 for the oxidized case.

Failure phase: This is the stage at the end of the beam’s operational cycle.
During this phase, accumulated defects in the system lead to rapid and
completed damage of the beam.
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5.2. Latent representation

After calculating the HI, we extract the latent representation of our trained models.
Latent code made by the G on beam 2, 3 and final fully-connected layers of Dy on
beam 1, 4 are taken to be investigated so that all beam’s condition (as shown in
4.2) are covered.

Features extracted by discriminators are shown in Figs. 11 and 12. Principal
component analysis is used to visualize the features. Horizontal axis indicates the first
principle (pc;) component and the vertical axis shows the second principle
component (pc,). For both Figs. 11 and 12, the explained variance ratio of pc, is
approximately 85% and pc, is 10%, so accounting only these two principles is
visualized. Distribution shifting effect can be seen, from Figs. 11 and 12. As the
damage level rises, latent values tend to increase positively along these principle axes.
The shifting distances of these distributions is proportional to the severe condition of
the beam. Thus proving Dy the ability to point out the faultiness as damage increases.

Damage level
o level0

.
o level
.
.

1

Fig. 9. Latent representation of the
discriminator trained and evaluated on beam 1.
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Fig. 10. Latent representation of the
discriminator trained and evaluated on beam 4.
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As shown above in Figs. 11 and 12, latent representation of the discriminator
can visualize the distribution shifting effect as damage progress, to quantitatively
analyze the latent of discriminator, we can also use Dy as a feature extractor for
supervised tasks. Consider Dy of beam 1 and 4, we use them for a simple
classification problem. A simple Neural network will use the learned features of
DX to classify the damage level of beam 1 and 4, since these two discriminators
are only trained on normal data. Damage data is first divided 75:25 for train and
test. Features extracted on beams are then fed to a simple 4 layers machine
learning perceptron (MLP), each layer with 50 nodes, using stochastic gradient
descent (SGD) optimizer to get the desired damage level. Confusion matrix is
plotted in Fig. 13. Both MLPs give a feasible result with accuracy 85% + 2.5%
on beam 1 and 76% + 0,5% on beam 4, note that the errors made by models of
beam 4 is because of the transition between damage level, since the errors lie
near the diagonal of the confusion matrix. The condition of beam 4 also
contributes to the errors made by our simple MLP, since in oxidized cases, the
degree of damage progresses faster and harder to be categorized. Thus, the results
prove the ability to provide quality features for downstream classification tasks,
with acceptable accuracy.
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Fig. 11. Confusion matrixes of the simple MLPs trained
on the extracted features by discriminators of beam 1 and 4.

Figures 14 and 15 show the latent space generated by two different generators,
G for beam 2 and beam 3. The explained variance ratio for both generators is low
at approximately 15%. This indicates that the latent representation made by G has
the form of a Gaussian sphere, which is also true because of the constraint made by
D, that the latent must have a normal distribution. Therefore, there is no principal
axis that can best describe it. Latent representations generated by the generators are
visually less robust compared to features generated by discriminators, since it is
hard to inspect any shifting or reasoning of the damage level, this is because the
latent representation is constrained to mimic Gaussian distribution. The constrained
latent is less robust since the training process prioritise squeezing the latent into
Gaussian, in the other hand, latent representation generated by the discriminator
Dy is directly utilized by the model to recognise anomaly, thus surpass the
performance of the latent generated by Gp.
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Fig. 12. Latent feature of beam 2, with damage level 6, 7 and 8.
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Fig. 13. Latent feature of beam 3, with damage level 6, 7 and 8.

To study further the ability to pinpoint the damage in beams, a simple Multi-
Layer Perceptron (MLP) is trained for these two beams, with the same setting as
with the discriminator’s MLP, but with the latent code generated by G. The results
are shown in Fig. 16. The accuracy for each MLP is 63% =+ 0,3 and 49% + 0,2%.
The performance decreased compared to feature extracted by discriminator. Thus,
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for practical purpose, only the heath index and discriminator’s latent representation
should be used to diagnose damage degree of the beam.
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Fig. 14. Confusion matrix of the simple MLPs trained
on the extracted features by generators of beam 2 and 3.

6.Conclusions

In this paper, an approach for beam structural reliability evaluation based on the
Cycle-GAN network using vibration signals as input was presented. We proposed
a health index using the CycleGAN model to monitor fatigue damage without any
damaged data of the system and a feature extractor based on the discriminator for
diagnosing the beam's damage levels. Features extracted can be used for
downstream tasks to identify the correct damage degree of the beam. We also show
that latent representation of the discriminator of the CycleGAN model is more
robust compared to features extracted by generators.

The results of this study contribute to the field of structural health monitoring,
especially to important systems that are hard to acquire damage data for
assessment. The proposed HI can be further studied to improve the damage
monitoring process. In addition, future study should make use of a sensor network
to identify the cracking position on steel beams and multiple sensors would also
improve accuracy to quantify level of damage. Moreover, this study relies on a
simplified model of steel beam structure, future work should be conducted on real
steel beam structure to achieve reliable performance.
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Nomenclatures

D Discriminator in GANs model

Dy Discriminator for data from vibration time series data
D, Discriminator for data from latent space

E Young modulus of the steel beam, N/m?

G Generator in GANs model
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S}

14
A
p

Gg Backward generator model

Gp Forward generator model

Leyc Cycle Generative Adversarial Networks loss function
Lgan Generative Adversarial Networks loss function
Liscan Least square Generative Adversarial Networks loss function
Looise Random noise loss of the model

pc; Principle component 1

pc, Principle component 2

s Variance of time series data

x Vibration time series data

x Reconstructed vibration time series data

x Mean of time series data

X The domain of vibration time series data

z Random noise input

Z Reconstructed latent data

Z The domain of latent space

Greek Symbols

Abbreviations

Coefficient of generator loss in HI

Coefficient of L, 10ss function in the total GANSs loss
Coefficient of L., loss function in the total GANs loss
Density of the steel beam, kg/m?

Al Acrtificial Intelligence

Cl Confidence Interval

CNNs Convolutional Neural Networks
CycleGAN Cycle Generative Adversarial Networks
GANs Generative Adversarial Networks

HI Health index

MSE Mean square error loss

SGD Stochastic Gradient Descent
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