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Vibration-based structural health monitoring
using CAE-aided unsupervised deep learning

Minte Zhang 2, Tong Guo**3, Ruizhao Zhu '™, Yueran Zong '° and Zhihong Pan %4

' School of Civil Engineering, Southeast University, Nanjing, Jiangsu, People’'s Republic of China

3 The Centre for BIM Studies, Smart City and Sustainable Development Academy, Chongging, China

(Received April 10, 2022, Revised August 31, 2022, Accepted September 8, 2022)

Abstract. Vibration-based structural health monitoring (SHM) is crucial for the dynamic maintenance of civil building
structures to protect property security and the lives of the public. Analyzing these vibrations with modern artificial intelligence
and deep learning (DL) methods is a new trend. This paper proposed an unsupervised deep learning method based on a
convolutional autoencoder (CAE), which can overcome the limitations of conventional supervised deep learning. With the
convolutional core applied to the DL network, the method can extract features self-adaptively and efficiently. The effectiveness
of the method in detecting damage is then tested using a benchmark model. Thereafter, this method is used to detect damage and
instant disaster events in a rubber bearing-isolated gymnasium structure. The results indicate that the method enables the CAE
network to learn the intact vibrations, so as to distinguish between different damage states of the benchmark model, and the
outcome meets the high-dimensional data distribution characteristics visualized by the t-SNE method. Besides, the CAE-based
network trained with daily vibrations of the isolating layer in the gymnasium can precisely recover newly collected vibration and
detect the occurrence of the ground motion. The proposed method is effective at identifying nonlinear variations in the dynamic
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responses and has the potential to be used for structural condition assessment and safety warning.
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1. Introduction

Buildings are the foundation of a city and provide
human shelter. Maintaining and strengthening buildings has
become an increasingly prominent problem to ensure the
safety of people’s lives and properties. Engineers have been
attempting to measure building responses and excitations in
order to monitor and evaluate the health state of existing
structures due to the rapid development of computational
science and physical sensor technology. Unlike traditional
non-destructive tests, structural health monitoring (SHM) is
a continuous on-site inspection method that records various
real-time crucial safety parameters of the structure, such as
location, deformation, stress, load, temperature, and
accelerations. These parameters can be used to form the
structures’ on-site dynamic model. Engineers can determine
the causes of the damage by modifying the previously
defined model to fit the on-site monitored response. This
allows them to make recommendations for structural
maintenance and reinforcement. The need to detect the
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damage state of operational structures has prompted the
development of various vibration-based methods.

Initially, a vibration-based damage identification method
for SHM was proposed for aerospace and mechanic
assessment. Civil engineers began to study vibration-based
methods for civil infrastructure in the 1980s. Doebling ef al.
(1998) comprehensively reviewed the methods used
between the 1980s and 1990s and concluded the
fundamental idea to identify damage from structural
vibration responses, i.e., every damage introduced to the
structure may change its intrinsic characteristics, such as
natural frequency, damping, and mode vector, all of which
are closely related to structural responses. Researchers were
inspired by this idea and used several signal processing
methods to determine the structural parameters, which can
be classified into three categories: frequency domain
methods (Jalali and Rideout 2022), modal domain methods
(Yi et al. 2019), and time-frequency domain methods (Pan
et al. 2018).

Frequency-domain methods calculate the modal
parameters of the monitored structure based on frequency
response function (FRF). Reynolds and Pavic (2003)
determined the natural frequencies and modal damping
ratios of a long-span concrete floor by measuring and
calculating the FRF data during the modal test. By installing
a false floor, the damage was introduced. They revealed the
influence of the damage on stiffness and damping of the test
structure by comparing the modal parameters of the floor
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before and after the installation, and finally evaluated its
damage state by updating the finite element (FE) model of
the structure (Yi et al. 2019). Furthermore, to make the best
of the modal information recognized through frequency-
domain methods, many researchers have used modal-
domain methods (Bayissa and Haritos 2007). With the
modal properties of the structure determined, the damage
state can be easily quantified using various parameters such
as the modal flexibility and modal strain energy, both of
which can reveal the intrinsic features of the damage based
on measured response data. Wang et al. (2018b) proposed a
modified modal strain energy method to realize the damage
location of asymmetric buildings after conducting a series
of experimental tests and FE analysis. Unfortunately,
neither of the methods described above considers the time-
series characteristics of the vibrations. To overcome this
limitation, some time-frequency domain methods
(Tibaduiza Burgos et al. 2020), such as the Wavelet
Transform (WT), Wavelet Package Transform (WPT) and
Hilbert-Huang Transform (HHT) were developed to process
real-time vibration signals (Wang et al. 2018c). These
modern signal processing methods have been demonstrated
to be effective in structural vibration analysis. Hera and
Hou (2004) used the WT method to analyze vibration
signals acquired from the ASCE-Benchmark Phase-I test,
and it was verified that the WT time-frequency spectrum of
the signals can clearly represent abnormal points when
damage occurs. Qu and Lian (2012) employed the HHT
method when identifying damage from the vibration
response of electric transmission towers. The testing results
demonstrated that the HHT method can detect the intrinsic
differences before and after damage occurs.

All of the traditional damage identification methods
mentioned above require the creation of an analytical model
using FE methods, which is necessary for engineers when
comparing the modal parameters of theoretical and
measured values. However, the drawbacks of these physical
model-based methods are apparent. First, it is a significant
challenge to precisely simulate the real structure with FE
methods because of the uncertainties of the in-service
structures, such as the material properties and loadings on
floors (Erdogan et al. 2014). Furthermore, the influence of
ambient noise may also lead to different modal
identification results, some of which are mistakes, though
all of the results are within the allowable errors in FE
models. In recent years, with the development of artificial
intelligent, data-driven methods for modeling structural
features using real-measured data is trending on structural
damage identification (Flah et al. 2021). Data-driven
methods can directly extract features from monitored
vibration data. Based on the pattern recognition and
machine learning (ML) theory, the dynamic signatures of
the structure can be learned from mass vibration datasets
(Gentile et al. 2019).

In general, ML establishes an analytical model and
optimizes its structure by training its network with
numerous datasets so as to extract their common features.
Following extensive training and learning from previous
experiences, the model not only has good distinguishing
ability, but it can also predict the unhappened occasions

using the experiences accumulated from the training
datasets. During past decades, civil engineers have analyzed
various structural response data with the support vector
machine (SVM) (Na et al. 2022), artificial neural network
(ANN) (Goyal and Pabla 2016), genetic network (GN)
(Tiachacht et al. 2018), principal component analysis (PCA)
(Yan et al. 2005), random forest (Smarra et al. 2020), etc.
Unfortunately, traditional machine learning methods have
some limitations when identifying structural damages: (1)
Overcoming the influences of occasional noise is a
significant challenge, which limits the application scene of
the methods; (2) simple linear network structure can only
extract shallow information, ignoring many nonlinear
features of the datasets; (3) the methods always involve
complicated feature pre-extraction before learning. The
feature  pre-extraction not only consumes more
computational resources, but it also separates the original
datasets and damage features of the structure because it
only focuses on local details. On the other hand, deep
learning with multi-layer neural networks has been
investigated extensively over the years and has been shown
to be effective in solving the problems listed above.

The convolutional neural network (CNN) is a deep
learning method that concentrates the multi-layer neural
network and shares convolutional kernel. The method was
initially studied by LeCun et al. (2015) to identify the hand-
written numbers. Researchers can use 2D-CNN to classify
and recognize different types of objects from 2D images.
Based on its outstanding performance in the vision domain,
some engineers began to identify structural damages from
photos of structures. Cha and Choi (2017) trained the CNN
with cracked concrete images and built a classifier with the
optimized network to separate the damaged from the
undamaged concrete surface images noised with different
lighting and shadow environments. The CNN-based DL
method was validated using existing concrete crack
detection data. The method has also been applied to other
non-destructive vision inspection tests, such as corrosion
detection of steel structures (Khayatazad et al 2022), spall
of masonry structures (Wang et al. 2018a), and splitting of
bridge elastomeric bearings (Cui et al. 2021). However,
most 2D-CNN-based vision methods can only detect
superficial construction anomalies, and these static images
cannot reveal the dynamic characteristics of the structure.
This limitation can be overcome by using 1D-CNN-based
signal classification methods. Abdeljaber et al. (2017)
established vibration signal classifiers with 1D-CNN,
trained the network with ASCE-Benchmark Phase I dataset
and tested the classification performance of the network
with the one-dimensional convolutional kernel. At Qatar
University, an experimental grandstand frame was
established and monitored, and its acceleration response
was excited by the modal shaker. The test results
demonstrated that the network could identify various
damage models through vibration data and the damage can
be located from the multi-sensor network. The neural
network with the convolutional kernel can classify vibration
data into several categories of pre-labeled damage state, but
these datasets labeled for network training require manual
classification, which is practically impossible in real-time
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damage identification. Without the classification of the
training dataset, the unsupervised learning method is ideal
for real-time structural damage identification based on
vibrations because it can automatically extract hidden
features from a multitude of unlabeled data. Autoencoder
(AE), which is composed of an encoder for data
compression and a decoder for data decompression, is one
of the most popular unsupervised learning methods. AE
employs a deep-layer neural network to self-adaptively
learn sharing features of the vibrations. Jiang et al. (2021)
built the AE for structural damage diagnosis using multi-
layer ANN and discussed the space distributions of
experimental vibration data under different damage cases.

In recent years, many algorithms have been proposed
and tested on vibration based SHM, but research on civil
structures under real-time ambient or earthquake excitation
vibration is still very limited. This paper is aimed to use an
unsupervised deep learning method to identify and diagnose
civil structures with online monitored accelerations. The
remainder of this paper is organized as follows. First, the
unsupervised DL method, as well as the CAE network
architecture, data preprocessing method, training strategy
and techniques for data analysis are introduced. Then, the
routine for training and verifying the unlabeled monitoring
data through CAE network are studied with the two real on-
site tests. The ASCE Benchmark experiment-based test is
conducted to verify the CAE network trained with steel
frame experimental vibrations. With the help of the t-SNE
method, the test result will reveal how the damage features
embody in random vibrations data reconstruction through
the autoencoder network with the convolutional kernel. On
top of that, another test applies the method on a rubber
bearing-isolated gymnasium structure to detect the damage
and instant seismic events through vibration data. The
relationship between the reconstruction error and real-time
monitoring vibrations is also compared and discussed.
Finally, the result of the test and potential future work are
discussed.

2. Methodology

In this study, the convolutional autoencoder (CAE) is
used on vibration-based unsupervised deep learning. The
CAE-based unsupervised damage identification method for
vibration data evaluation is shown in Fig. 1. First, the input
data preprocessed from the vibration of the monitored
structure is compressed by the convolutional network
(Conv) and reconstructed by the transposed convolutional
network (TransConv). The original and reconstructed data
are then compared and scored to assess the vibration.

2.1 Data preprocessing

The acceleration vibration data collected by N sensors
can be expressed as follows

Dd=[u; u, .. uy] (1)

and for each sensor, a dataset containing N, acceleration
data is generated. Considering the effectiveness of

stationary random vibration signals, several /-long segments
are sampled from the N,-long dataset, where / is greater
than twice the sampling frequency of sensors. Two
sampling approaches are used, i.e., sequential sampling and
random window sampling. To begin, the dataset is
sequentially divided into N, independently repeated
segments. Furthermore, to eliminate the uncertainty of
random data and enlarge the number of training samples for
the DL network, a random sampling window function
RandWin (/, seed) is defined, as is shown in Fig. 2. For
example, to sample a segment with the function, a random

floating numbers seed €[0, N,-/] is generated with the

random number function to locate the starting point of the
window. The function is repeatedly called to obtain another
N, segments. Each sampled segment u;; is normalized and
arranged in a random order. Finally, (Ng+ N,) acceleration
signal segments for the DL test are generated, which can be
written as

u; = [Win Wip Ui (Ng+N) ] @)
uw.:[a1 a; .. aq

where u;; denotes the jth signal segment collected from
sensor-i and u; denotes a subset of sensor-i recording data.
The RandWin function can also be used to generate
representative datasets from massive online monitoring
vibration data.

2.2 Unsupervised deep learning method with CAE

After preprocessing, the dynamic response data of the
monitored building can be defined as follows

X = [x1, X0, X3, e Xy oo X | 3)

Update
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Fig. 1 Procedure of the damage identification method
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where x represents the input vibration signal for network
training and x; represents the ith structural vibration data.
The CAE includes a convolutional encoder and a trans-
convolutional decoder.

The encoder uses convolutional kernels to under-sample
the input data x layer by layer

xf = o(BF - Conv(xF™) + af) 4
where x[ represents the ith step data sampling in kth
convolutional neural network, Conv is the convolution
function, B¥ is the weight of convolutional calculation and
o(-) is the activation function that employs the
LeakyReLU function (Paszke et al. 2019), which can be
expressed as follows.

x, x>0
o(x) = {ax,x <0 a€(01) )

The input data tensor x is compressed into a shorter
tensor A, which is unsampled and reconstructed by the
decoder. Similar to the encoder, the decoder employs trans-
convolutional kernels to under-sample the input data x layer
by layer

xF = o(BF - TransConv(xf™) + a¥) (6)

where TransConv is the trans-convolution function. It up-
samples the compressed data and recovers it into tensor r
using the transposed convolutional kernel (LeCun et al.
2015). The network is trained to reduce deviation between x
and r. The mean squared error is defined as the loss
function.

2.3 Network structure and training strategy

The DL network is established using the CAE method
described in Section 2.2. A defined intact vibration dataset
is used to train the DL network, whose network structure is
shown in Fig. 3. The DL network is programmed on the
PyTorch platform. 1D-CNN is established with
nn.Convld() command and 1D-transposed-CNN is
established with nn.ConvTransposeld() command. Up-
sampling and down-sampling are both packaged with
nn.Sequential() to realize function of auto-encoder. The loss
function is nn.MSELoss() and training optimizing algorithm
is optim.Adamax. To accelerate the training process, the
CUDA toolkit is used to boost GPU calculation (Paszke et
al.2019).

2.4 Techniques for data assessment and
visualization

2.4.1 Damage state assessment indicators

Two indicators are used to assess the reconstruction
ability of the CAE network. Formula (7) is the mean square
error that describes the discrete error of the input and output
data. Formula (8) is the Pearson correlation coefficient that
describes the linear correlation between the input and output
data.
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Fig. 3 CAE network structure

MSE = Z(x—_r)z (7)
n
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2.4.2 t-SNE method

It is assumed that a = [xq,X;, .. X;..,Xy] E RPis a
dataset in D-dimensional space, whereas B = [yq,¥5, -
Y-, Yyl € R? is in d-dimensional space, with d << D. To
map data in high dimensional space into low dimensional
space, the t-distributed stochastic neighborhood embedding
(t-SNE) method is used to represent a long vibration data in
the second -dimension space (Leon-Medina et al. 2020).
The method considers similarities between elements in «
set and retains these correlations when mapping them into
lower dimensions. The similarities between data x; and x;
can be described with the Gaussian distribution

Cor X 100 ®)

exp (—||xi - xj||2/2crl-2)
Ljxi €XP (_”xi - xj”z/zaiz)

Pjji = Q)

where o; represents the bandwidth of the Gaussian
distribution kernel and pj; is the value of gauss
probability between the ith and jth data, increasing when
x; and x; become similar. p;; =0 when i = j. The
symmetrized expression of p;; is defined as follows

_ Pijj tpji
Py =""%N (10)

Then, q;;, the distance between y; and y; in d-
dimensional space, can be quantified using the single-
degree-of-freedom Student’s t distribution

-1
(1 + |y —y,-||2)
4ij = Tki=1toN an

k#l (1 + “yk - ylllz)_l

Similarly, ¢; = 0 when i = j. The mapped d-dimensional
dataset f is obtained by optimizing the K-L divergence
between p and ¢
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Dij
L(Y) = KL(pll9) E % pij log » (12)

i
and the gradient of L(Y) is as follows.

L

Iy ZZ(pjli_lei+pi|j_Qilj) (vi—v;) (13)
Yi -

The optimized y; and [ is accessed using the gradient
descent algorithm.

3. Experimental study for damage detection
— a benchmark model

3.1 Introduction to ASCE-Benchmark experiment

The ASCE-Benchmark model, a widely used structural
experimental model, was first proposed by IASC and ASCE
in 2002 to assist different civil engineers and SHM data
analysts in testing various structural damage identification
methods (Das and Saha 2018). Using a group of shared
vibration data obtained from the benchmark test model,
researchers worldwide can study different physical feature
and structural identification indicators under the same
experimental background. The benchmark model was
studied in two phases between 1999 and 2002. The Phase-I
response data came from a simulated 120 DOF FE model
(Johnson et al. 2004), while the Phase-II response data
came from a real experimental steel frame model (see Fig.
4), including steel beams, steel columns and braces (Das
and Saha 2018). Damage of the experiment structure was
introduced by removing braces and loosening bolts at the
column-beam joints, descriptions of damage simulated are
shown in Table 2. With 15 acceleration sensors, the IASC-
ASCE SHM group accessed real-time monitored data from
the model under three excitation cases, i.e., ambient
vibration, impact hammer and dynamic shaker.

The benchmark model is a steel frame with 4-story, 3.6
m height and 2x2 bay, and additional masses are placed on
the top of each floor. The total masses for stories 1-4 are

4000 kg, 4140 kg, 4000 kg and 3000 kg, respectively. There
are 15 sensors (sensor-1~15) placed between floors to
record structural response. The location information of each
sensor is shown in Table 1. The sampling frequency of the
sensor is 200 Hz. In this study, data generated by the
ambient vibration excitation model is used for the
unsupervised damage identification test. Table 2 displays
five different structural damage simulation cases. The
model in Case 1 is undamaged, while the models in Cases 2
to 4 are damaged.

3.2 Network training

The acceleration vibration data is collected from 15
sensors, with each sensor generating a dataset containing
60000 acceleration data. In this test, 300 acceleration signal
segments for DL test are generated, with 150 independent
segments divided in average using the method in section
2.1, and another 150 segments sampled using the RandWin

Table 1 Description of sensors

Sensor No. Location Orientation
1 ground floor, west side North/South
2 ground floor, center East/West
3 ground floor, east side North/South
4 Ist floor, west side North/South
5 1st floor, center East/West
6 1st floor, east side North/South
7 2nd floor, west side North/South
8 2nd floor, center East/West
9 2nd floor, west side North/South
10 3rd floor, east North/South
11 3rd floor, center East/West
12 3rd floor, west side North/South
13 4th floor, west side North/South
14 4th floor, west side East/West
15 4th floor, west side North/South

Y <
US>
<L L>
I/ AN
(Som/,)" < "' : 4 P
125 4

"\
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3

Fig 4 ASCE SHM Benchmark steel frame model
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Table 2 Description of test cases

Test cases Damage description

1 Undamaged structure

) First floor braces in one bay on southeast corner
removed

3 First & fourth floor braces in one bay on southeast
corner removed

4 All east side braces removed

5 Case 4 + bolts loosened on all floors at both ends

of beam on east face, north side

function. Using the network structure described in section
2.3, the network is trained with case 1 dataset. The learning
rate is 0.0005 and the training epoch is 10000.

3.3 Result and discussion

3.3.1 t-SNE result

A 400-long acceleration segment can be seen as a point
in 400-dimensional space. The t-SNE method in section
2.4.2 is used to map the benchmark data segment into 2-
dimensional vector. The vectors of sensors 1 to 15 are
separately drawn in Fig. 5 and colored with different test

Minte Zhang, Tong Guo, Ruizhao Zhu, Yueran Zong and Zhihong Pan

cases.
It is obvious that the collected vibration data can locally
reflect the damage state in the corresponding monitor
location. In terms of an independent monitor location, the
structural response at different times shares similar intrinsic
features under the same operation state. If the physical
feature of the structure (such as damping ratio, stiffness,
mass, and geometry) alters, the structural vibration response
and intrinsic features at that location will also change due to
local performance degradation. Accordingly, the location of
each vector (mapping from high-dimensional space) will
deviate. The more severe damage introduced to the
structure, the further these vectors’ locations deviate.
According to the space distribution of vibration data
collected from each monitoring station in different damage
states shown in Fig. 5, structural response data under Case 2
(i.e., the slight damage model) has similar feature to Case 1
(i.e., the undamaged model). Some of the data collected
from monitoring stations are close to the damage (such as
sensor-4 and 6 stations) and those in higher stories (such as
sensor-9, 12 and 15 stations) can be nonlinearly classified
clearly between two damage cases. In addition, data
collected in Cases 3 to 5 have a clear clustering boundary
when compared to data collected in Cases 1 to 2, triggering
pronounced distinctions between damage model cases.
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Fig. 5 Low-dimensional mapping of dataset in 15 sensors using t-SNE
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In a nutshell, 1) monitored response data from same
damage cases have a similar embedding feature; 2) the
Euclidean space distribution of the experiment data changes
as structural damage severity increases; and 3) the
sensitivity of each case’s response data increases as the
distances between the damaged region and monitoring
station increases. Based on these findings, the deep learning
method can extract features from healthy state data and
clarify damaged data with different nonlinear physical
changes.

3.3.2 CAE-based data reconstruction result

After preprocessing the dataset of Cases 1 to 5, the
convolutional auto-encoder network with Case 1 dataset is
trained to learn the features of undamaged structure and test
the reconstruction assessment indicators (MSE and Cor) of
each cases’ dataset. The average MSE and Cor between
input and output datasets are shown in Tables 2 and 3. In
general, structural response datasets collected from each
monitoring station under Case 1 can be accurately
reconstructed by the optimized CAE network. Therefore,
the network can compress and decompress the undamaged
response data. To reveal the relationship between two
indicators and signal reconstruction patterns, four typical
original signals and corresponding CAE reconstructed
signals are chosen, which are plotted in Fig. 6. A Low MSE
and a High Cor value indicate that the reconstruction ability
is excellent. Detailed discussions of the CAE experiment
results are as follows.

(1) As the damage state develops, the reconstruction
error for vibration response datasets increases, which meets
the conclusion about the Euclidean space distribution of
vibration datasets under different damage cases.

(2) MSE represents the deviation and discreteness
between the original and reconstructed data, whereas Cor
represents the linear correlation between them, revealing the

Table 3 Average MSE values of the reconstructed data

precision of the intrinsic features extracted by CAE.
Noticeably, some of the response datasets have less
apparent Cor changes than MSE when the test case
develops from the undamaged case to damaged Cases 4 and
5. In other words, data from some cases with a high MSE
value also maintain a high Cor value. As shown in Fig. 6,
though the second and third vibration curves have similar
MSE values (i.e., 0.5542 and 0.5266), the difference in Cor
value between the two curves is relatively large. In terms of
CAE reconstruction performance, the former reconstructed
data have more discrete error but maintain a good linear
relation, whereas the latter are more likely to comprise
overfitted nonlinear details but maintain less discrete error.
Therefore, both MSE and Cor should be considered when
quantifying the completeness for the undamaged feature of
the test data.

(3) The average MSE and Cor of the 15 sensors datasets
change as the damage state progresses. When the test
structure encounters slight damage, the discreteness of the
reconstructed data may increase sharply, but its linear trends
remain relatively complete. As the damage worsens, CAE
can detect fewer undamaged physical features, resulting in
more apparent variation on reconstructed data.

Therefore, to quantify the structural damage, Score
(MSE, Cor) is defined. Steps for CAE-based multi-station
monitoring and vibration damage assessment are as follows.
First, structural vibration response data are collected from
each station. After preprocessing the dataset, the data from
each station are input into the CAE network for feature
extraction and reconstruction. The MSE and Cor values are
calculated after comparing the input and output data.
Finally, the Score value is obtained from each distributed
sensor. The average Score from sensors 1 to 15 is used to
comprehensively assess test structure. The Scores of the
Benchmark model in Cases 1 to 5 are proved to be
coincident with the initially defined damage state, as shown

Table 4 Average Cor values of the reconstructed data

Sensor No. Casel Case2 Case3 Case4 CaseS Sensor No. Casel Case2 Case3 Case4 CaseS5
1 0.1297  0.1645 0.4667 0.5521  0.1966 1 99.15 98.93 93.97 85.76 98.53

2 0.2259 0.2540 0.4895 0.5331 0.2687 2 97.45 96.79 86.45 82.24 96.43

3 0.1023  0.1839 0.4731 0.5617 0.3824 3 99.46 99.46 93.35 83.31 96.41

4 0.0803  0.1729 0.5519 0.6115 0.6372 4 99.67 99.70 92.98 85.63 69.80

5 0.0829  0.0886 0.5554 0.5717 0.6212 5 99.66 99.57 92.07 90.98 73.19

6 0.0656  0.2611 0.3899 0.5575  0.6035 6 99.78 99.84 96.92 87.36 76.53

7 0.1020  0.2434  0.5304 0.5497  0.5379 7 99.47 99.44 93.21 90.25 85.48

8 0.0447  0.0632 0.5749 0.5726  0.6488 8 99.90 99.84 81.56 81.68 65.55

9 0.0957 03642 0.3529 04717 0.5770 9 99.53 99.47 97.39 93.21 78.84

10 0.0788 0.1167 0.3383  0.4044 0.4811 10 99.71 99.33 96.89 93.25 86.37

11 0.0933  0.1857 0.1845 0.1699  0.8875 11 99.55 98.90 99.09 99.05 65.19
12 0.1285 0.2086 0.1890 0.4221  0.5819 12 99.18 98.15 98.25 92.45 78.16

13 0.1123  0.1878  0.5065 0.5678  0.5726 13 99.36 99.38 94.26 86.56 81.49

14 0.0642  0.0966 0.5538 0.5762  0.6521 14 99.79 99.63 86.35 82.49 63.44

15 0.0843  0.5321 0.2584 0.4070  0.4921 15 99.66 99.43 98.23 93.40 86.57
MSEavg 0.0994 0.2082 0.4277 0.5019 0.5427 Coravg 99.42 99.19 93.40 88.51 80.13
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Fig. 6 Vibration patterns of different MSE and Cor values

in Fig. 7. According to the damage description in Table 2

the undamaged structure can maintain an average Score of
90.03. After removing the first-floor braces in one bay on
the southeast corner, the Score dropped to 79.61 on average.
With more braces removed, the stiffness of the steel frame
changes evidently, and the Score decreases to 49.66 after all
the east side braces are removed. In addition, the loosening
of bolts at the beams ends also negatively affected the Score
value to 42.54.

4. Demonstrating study
— a rubber bearing-isolated structure

The proposed unsupervised deep learning method is
applied in a rubber bearing isolated gymnasium to identify
the earthquake and daily vibration damage, and the

(a) Photos of the isolated gymnasium

Damage case

0 10 20 30 40 50 60 70 80 90 100
Score,,,

Fig. 7 Average scores in five damage cases

performance of the DL network is tested and verified.

4.1 Introduction to the rubber bearing-isolated
gymnasium

The gymnasium is located in Sugqian, Jiangsu province,
China, and its main structure is a 7-story reinforced
concrete space frame. It is 85.1 m long and 51.2 m wide.
The building roof is a steel spatial grid. The building was
constructed in 2001, when the Chinese Code for Seismic
Design of Buildings (CCSDB) stipulated that the seismic
fortification intensity of the building site was 8 degrees.
However, due to the influence of the fracture zone, the
revised 2010 CCSDB has adjusted the seismic fortification
intensity here to 8.5 degrees. That is, the original structure
form is insufficient to resist strong ground motions.
Therefore, the base-isolation technology has been applied to
improve its seismic performance. Fig. 8(a) shows the photos
of the gymnasium with viscous dampers and rubber
bearings. A 3D model of the gymnasium is developed using
the ETABS finite element program, as shown in Fig. 8(b).

Fig. 9 shows the arrangements of the rubber bearings on
the ground floor. Each column is cut in half to sandwich the
bearing between the top column and bottom halves.
Besides, the viscous dampers are placed near the corner
columns to control the displacement of the isolating layer in
the X and Y directions. The mechanical parameters of the
bearings are shown in Table 5. The damping exponent a: and
the coefficient C of the viscous damper are 0.25 and

(b) Structural analysis model

Fig. 8 Photos and 3D model of the gymnasium
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Fig. 9 Layout of bearings and accelerometers in the isolating layer

Table 5 Mechanical parameters for bearings

Rubber bearing Lead-rubber
Item bearing
GZP500 GZP600 GZP700 GZY600
Bearing diameter 500 600 700 600
(mm)
Lead core diameter / / / 120
(mm)
Equivalent stiffness
(kN/m) 767 921 1078 1703
Lead core stiffness
(kN/m) / / / 11951
Yield force
(kN) / / / 96
12000 1 ceeenon-isolated
—— isolated
9000 1
% 60001
g 30001
R
§ —30001
& 60001
<
~9000
~12000

0

Time(s)

(a) X-direction

20

300(kN - m/s), respectively. As shown in Fig. 10, the peak
acceleration response at the top story of the structure FE
model excited by El-Centro ground motion significantly
decreases after seismic isolation, for the X-direction peak
acceleration decreases from over 13377 mm/s> to 3843
mm/s” and the Y-direction peak acceleration decreases from
over 10183 mm/s? to 3524 mm/s?. Due to the isolation
effect, the three fundamental periods of the structure
increase from T; = 0.758 s, T, = 0.661 s and T3 = 0.644 s to
T1=2.279s,To=2.265sand T3 =2.142 s.

According to the ground motion filtration theory, which
considers the seismic-isolation as a process of wave
filtering, the original earthquake ground motion may
attenuate into a relatively less-destructive motion by the
isolation layer. Therefore, to maintain the normal in-service
performance of the isolation devices on the ground floor, 10

120004 e non-isolated

9000 1
6000 1
3000 1

— isolated

—3000 -
—6000

Acceleration( mm- S'Z)

—9000 -
—12000 1

20
Time(s)

(b) Y-direction

Fig. 10 Acceleration curves of non-isolated and isolated structures
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Fig. 11 Loss curve of the training process
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Fig. 12 Original and reconstructed vibrations
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Fig. 13 Spectra of original and reconstructed vibrations
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(a) Training dataset

accelerometers have been installed above the bearings. Fig.
9 shows the sensor layout, which measure vibrations in two
horizontal directions at five points. All measured
acceleration signals are recorded at a sampling frequency of
100 Hz, and these real-time signals are analyzed by the
structural assessment system.

4.2 Network training and test with daily vibrations

In this case, the acceleration data collected on August
16, 2021 from the ZD1 measuring point in the X-direction
was used to train and test the CAE network designed in
Section 2.3. Vibrations from 14:00 to 15:00 are used to
generate the training dataset, while vibrations from 20:00 to
21:00 are used to generate the test dataset. Both datasets are
generated using the preprocess method in Section 2.1,
which divides vibration data in each hour into 900 segments
using the RandWin function. Train the network until the
training loss is less than 0.05. The loss curves for the
training and test datasets are shown in Fig. 11. The loss
value of the test dataset for verification keeps the same
downward trend as the loss value of the training dataset.
Fig. 12 compares the original and reconstructed vibration
signals in 20:00 and Fig. 13 depicts the Fourier spectral of
the two vibration signals. The features of the signal are
accurately extracted and recovered in both the time domain
and frequency domains.

Furthermore, a statistical analysis is conducted to
compare the reconstruction error between the training and
test datasets. Fig. 14 presents the input and the output
normalized data of the CAE network. The reconstructed
accuracy of the test dataset is more discrete than that of the
training dataset, which is also reflected in MSE and Cor.
The training dataset’s MSE and Cor are 0.045 and 99.90,
respectively, while the test dataset’s values are 99.57 and
0.108, respectively. Given the exact data reconstruction
ability of the CAE network, it is ideal to use the network to
learn the intrinsic feature of the daily monitored data. Under
operational conditions, the monitoring system may
randomly sample newly collected data to update network
parameters, thereby mitigating the effect of the environment
and temperature. The network can then be practiced on
earthquake detection and assessment.

1.00
MSE=0.108
0751 Cor=99.57

050
0.25 1 o
0.00 1

-0.25 4

Reconstructed data

-0.50 4

-0.75 4

Test dataset
-1 T

00 ¥F—=— T T T T T
-1.00 -075 -050 -0.25 0.0 025 050 075 1.00
Original data

(b) Test dataset

Fig. 14 Statistical analysis of data reconstructed by CAE network
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4.3 Earthquake event detection and assessment

4.3.1 Earthquake records and assessment results

On October 24, 2021, at around 13:11, a magnitude-6.2
earthquake with a depth of 66.8 km was occurred in Yilan
County, Taiwan. The ground motion also spread to many
coastal provinces on the Chinese mainland. The vibration
monitoring and assessment system in the Sugqian’s
gymnasium also recorded the response of the earthquake
event and represented the variation in its scoring program.
Fig. 15 depicts the vibration signal collected by the X-
direction sensor in ZD1 measuring point from 13:00 to
13:30 on October 24, 2021, and Fig. 16 is a bar chart that
represents the mean and minimum score value in each
minute during that time.

4.3.2 Discussion

According to the vibration plotted in Fig. 15 and score
result in Fig. 16, the patterns of acceleration change clearly
when the earthquake occurs, and the instant score value also
decreases as the ground motion develops. There was a 5-
minute time lag between the reported earthquake time in
Taiwan and the time identified by CAE, which was caused
by the wave travelling from the Circum-Pacific seismic belt
to Suqian. The score fluctuated significantly between 13:15
and 13:25, which decreased from over 99 to 96.68. The
instantaneous score touched the lowest point at 89.72,
satisfying the fluctuation characteristic of the vibrations.

When the ground motion arrived, the intrinsic features
of the acceleration changed drastically when compared to
the normal in-service accelerations used to train the CAE
network. Without enough information for feature extraction
and reconstruction, the network is hard to picture the wave
based on previously learned experiences. During daily

operation, the safety score of all sensors fluctuates between
90 and 100, and the accelerometers above the bearing
solators always record stationary signals generated by
ambient vibration. When the earthquake arrives, the original
ambient signals will become nonstationary. Some nonlinear
features caused by ground motion and the dynamic response
of the lead rubber bearings trigger a downward trend in the
safety score. The local ground motion signal has a high
impact on the safety score, which decreases as the
magnitude, peak acceleration values and ground soil
reactions changes. In this case, the weak earthquake motion
elicited a remarkable but limited change in the CAE
reconstruction value. Therefore, when the structure receives
a score of 90 or higher, it is considered to be in the safety
state, and when it receives a score between 80 and 90, it is
considered to be in the slight damaged state.

In addition, the gymnasium is located in the downtown
of the city, where the surrounding noise level is relatively
high. Some unexpected acceleration changes, peaking at
0.0002g, were also recorded. These are mainly triggered by
the outside pass-by effect of heavy trucks.

5. Conclusions

A time-series signal feature extraction and
reconstruction method using one-dimensional convolutional
autoencoder (CAE) based unsupervised deep learning
technology is proposed to identify and assess the damage
directly from responses of the structure. A preprocessing
method is regulated to generate datasets for DL network
training and verification from massive on-site monitoring
vibrations. The proposed CAE network uses 1D-
convolutional kernel to extract features from time-
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correlated vibrations effectively and recover the input data
adaptively with transposed 1D-convolutional kernel. Two
indicators, MSE and Cor, are used to quantify the
reconstructive ability of the network, enabling the SHM
system to score the damage and earthquake events based on
vibrations. The assessment performance of the network has
been verified through two SHM test.

First, the experimental ambient vibration data from
ASCE-Benchmark Phase II is used to test the damage
identification performance of the CAE network. The test
result shows that the unsupervised DL method can learn the
features of a healthy structure just from intact vibrations to
optimize the network parameters. The optimized network
can distinctively reconstruct data from different damage
cases that are distributed nonlinearly in Euclidean space.
Two indicators are ideal for quantifying different damage
cases in which the assessment result meets the designed
damage state on the experimented steel frame.

Additionally, the CAE network is practiced on an
earthquake health monitoring system in a rubber bearing-
isolated gymnasium located in Suqian, China. According to
the test on it, with the increase of the number of iterations,
the loss function of the test dataset with 900 segments and
the training dataset with 900 segments dropped and became
stable synchronously, which consequently revealed that the
perfectly trained network can distill features from newly
collected daily accelerations data. The vibration records of
an earthquake event on October 24, 2021 also demonstrated
that the method can precisely detect the occurrence of the
ground motion and represent its analysis on a score value.

In conclusion, the above result demonstrates the reliable
performance of the proposed unsupervised DL approach,
which can identify different damages and detect disaster
events from unlabeled vibrations in the SHM system under
real-engineering conditions. In the future work, multi-layer
input data-based CAE will be considered to fit more
complicated structure, such as long-span bridges and spatial
buildings.
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