
Citation: Deng, F.; Tao, X.; Wei, P.;

Wei, S. A Robust Deep

Learning-Based Damage

Identification Approach for SHM

Considering Missing Data. Appl. Sci.

2023, 13, 5421. https://doi.org/

10.3390/app13095421

Academic Editor: Cecilia Surace

Received: 5 April 2023

Revised: 23 April 2023

Accepted: 24 April 2023

Published: 26 April 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

A Robust Deep Learning-Based Damage Identification Approach
for SHM Considering Missing Data
Fan Deng 1,2,3, Xiaoming Tao 1,2,3 , Pengxiang Wei 1,2,3 and Shiyin Wei 1,2,3,*

1 Key Lab of Smart Prevention and Mitigation of Civil Engineering Disasters of the Ministry of Industry
and Information, Technology, Harbin Institute of Technology, Harbin 150090, China;
dengfan@stu.hit.edu.cn (F.D.); 1190500501@stu.hit.edu.cn (X.T.); 1190501717@stu.hit.edu.cn (P.W.)

2 Key Lab of Structures Dynamic Behavior and Control of the Ministry of Education, Harbin Institute
of Technology, Harbin 150090, China

3 School of Civil Engineering, Harbin Institute of Technology, Harbin 150090, China
* Correspondence: shiyin.wei@hit.edu.cn

Abstract: Data-driven methods have shown promising results in structural health monitoring (SHM)
applications. However, most of these approaches rely on the ideal dataset assumption and do not
account for missing data, which can significantly impact their real-world performance. Missing
data is a frequently encountered issue in time series data, which hinders standardized data mining
and downstream tasks such as damage identification and condition assessment. While imputation
approaches based on spatiotemporal relations among monitoring data have been proposed to handle
this issue, they do not provide additional helpful information for downstream tasks. This paper
proposes a robust deep learning-based method that unifies missing data imputation and damage
identification tasks into a single framework. The proposed approach is based on a long short-term
memory (LSTM) structured autoencoder (AE) framework, and missing data is simulated using
the dropout mechanism by randomly dropping the input channels. Reconstruction errors serve as
the loss function and damage indicator. The proposed method is validated using the quasi-static
response (cable tension) of a cable-stayed bridge released in the 1st IPC-SHM, and results show that
missing data imputation and damage identification can be effectively integrated into the proposed
unified framework.

Keywords: structural health monitoring; missing data; damage identification; deep learning

1. Introduction

Civil infrastructures, including roads and bridges [1–3], buildings [4–6], dams [7–9],
etc., are suffering from performance deterioration due to harsh environments, loadings,
and even natural or man-made disasters. Structural health monitoring (SHM) is a critical
technique that emerged in the past decades to detect and evaluate the condition of a
structure in real-time [10–12]. The technique involves two critical aspects, namely ‘sensing’
and ‘data’ [13]. While sensing techniques, including smart materials, sensor developments,
and computer vision-based sensing techniques, have been greatly developed in these
years [14,15], data analysis and data mining for condition assessment remain bottleneck
problems in SHM [13].

The use of SHM systems on in-service bridges results in the collection of big data,
posing a significant challenge for efficient data analysis within the SHM community. This
challenge has prompted research in the areas of pattern recognition (PR) and machine
learning (ML). In 1999, Farrar first pointed out that vibration-based damage identification
in SHM is a special issue of statistical pattern recognition (SPR), outlining four steps in the
SPR paradigm: operational evaluation, data acquisition and cleansing, feature selection
and data compression, and statistical model development [16].
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Originating from the field of artificial intelligence (AI), ML has demonstrated signifi-
cant potential in various fields and has become the most commonly used statistical model.
Its primary goal is to recognize patterns hidden within vast amounts of data for high-
dimensional, complex problems or systems. ML encompasses a wide range of algorithms,
including random forests, support vector machines, heuristic and generic algorithms, and
artificial neural networks. For instance, the recently developed heuristic algorithm, the bee-
tle antennae search (BAS) algorithm, has emerged and has been utilized in many real-world
optimization problems [17–19]. ML-based paradigms have become the most effective tool
for tackling the big data challenge due to their ability to mine inherent patterns in data.

Long-term ML practices have shown that the quality of feature selection directly affects
the effectiveness of machine learning algorithms. Since deep learning (DL) was proposed
in 2006 [20–22], the SHM community has progressed from developing sophisticated hand-
crafted features to using self-learning features with DL in an end-to-end approach [23–27].
DL can be seen as an unsupervised feature-learning method with deep layers [28]. Com-
pared to manually handcrafted features, DL-based features can usually approximate more
complex nonlinear correlation relationships and be more efficient.

Despite the great successes achieved by data-driven methods in SHM, these ap-
proaches often assume ideal datasets and rarely consider the problem of missing data.
Unfortunately, missing data is a frequently encountered problem in SHM and other real-
world applications [29–35] due to the sensor fault, making the well-trained model highly
unrobust. Generally, missing data in SHM can be divided into 3 types [36]: discrete miss-
ing at random time points, the continuous missing of continuous time points, and the
continuous missing of the whole channel, as illustrated in Figure 1. Missing data intro-
duces incomplete and non-standard data formats, thus affecting the data-driven methods
for SHM.

Missing data imputation is thus developed to estimate the missing values from the
available data and impute the missing data to form the standard inputs of the data-driven
model [37]. There are two main categories of methods: model-based and DL-based. Model-
based methods typically utilize a regression or statistical model to reconstruct missing data
by considering relationships among the available datasets. These methods include com-
pressed sensing (CS), singular value decomposition (SVD), likelihood-based approaches,
and k-nearest neighbor-based techniques. For instance, Chen et al. developed a distribution-
to-warping function regression model of the distributions of various channels based on
the functional transformation technique [38]. DL-based methods, on the other hand, rely
on a black-box model of the spatiotemporal correlation among multiple channels in the
monitoring time series to reconstruct missing values and minimize reconstruction error.
These methods include recurrent neural networks (RNN), denoising autoencoders, convo-
lutional neural networks (CNN), and generative adversarial neural networks (GAN). For
example, Tang et al. developed a group sparsity-aware CNN model for continuous missing
data imputation, where CNN is employed to generate the base matrix and optimize the
group-sparsity reconstruction [36].

Although missing data imputation has been extensively studied for types (a) and
(b) of missing data, type (c)—continuous missing of whole channels—has received little
attention. Furthermore, current methods for missing data imputation are generally used
solely for data pre-processing and normalization, providing no additional information for
downstream tasks. Consequently, these methods are considered “redundant” in the context
of downstream tasks [24]. To address this, there is a need to unify missing data imputation
and downstream tasks within a single deep learning (DL) framework. This will enable the
development of more effective and efficient approaches for handling missing data and can
help improve the overall performance of downstream tasks.
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(a) Discrete missing (red stars denote the discrete missing data at random time points). 

 

(b) Continuous missing (purple rectangles denote the continuous missing period). 

 

(c) Continuous missing of the whole channel (blank denotes the missing channel). 
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Figure 1. Three types of missing data.

Therefore, in this paper, we propose a robust DL-based damage identification approach
for SHM that considers missing data. We employ an autoencoder framework to learn the
underlying relationship among monitoring data from different channels, extract hidden
representations, and construct an encoder and decoder module using long short-term
memory (LSTM). The data reconstruction error is utilized as the loss function and the
damage indicator. During the training process, we randomly drop channels of the inputs to
simulate missing data, and the LSTM-structured autoencoder model tries to reconstruct the
data of all channels. We validated our proposed method using the SHM dataset for cable
tension data, which was released in the 1st IPC-SHM (International Project Competition for
Structural Health Monitoring) [39].

This paper is organized as follows: Section 2 first introduces the basic modules, i.e., the
dropout mechanism, the LSTM cell, and the autoencoder framework; thereafter, it proposes
the model used in this paper that combines the basic modules. Section 3 then introduces
the open-source dataset, the preprocessing procedure, and the implementation details of
the proposed method. Section 4 discusses the results, including the proposed method and
the conventional DNN model.
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This paper is organized as follows: Section 2 introduces the basic modules, including
the dropout mechanism, LSTM cell, and autoencoder framework, and then proposes the
combined model used in this study. In Section 3, we introduce the open-source dataset, the
preprocessing procedure, implementation details, and the results of the proposed method.
Section 4 is the conclusion. Section 5 contains the discussion and future directions.

2. Methodology
2.1. Conventional Deep Neural Network and Dropout Mechanism

A conventional deep neural network (DNN) is typically composed of three main parts:
the input layer, the output layer, and the hidden layers [21], as illustrated in Figure 2a. The
input layer and output layer contain only a single layer of units, whereas the hidden layers
can contain multiple layers, with the number of hidden layers referred to as the “depth” of
the DNN. Each layer is composed of multiple units, and the number of units in each layer
is referred to as the “width” of the DNN model. The units in different layers are densely
connected, and information is propagated forward from the lower to the upper layers,
from the input to the output layers. As a result, this type of connection is also known as a
feedforward neural network. This process is described as follows:

hl
i = σ

(
bl

i + ∑
j

wl
ijh

l−1
j

)
= σ

(
bl + Wl

ih
l−1
)

(1)

where hl =
[

hl
1, · · · , hl

m

]
is the hidden state of the l-th hidden layer, hl

i is the hidden state

of the i-th unit, and h0 = x is the input dataset; wl
ij is the weight of the ith unit in the

l-th layer and the j-th unit in the l−1 th layer, and bl
i is the bias; and σ(·) is the nonlinear

activation function.
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The information flow from the dataset x in the input layer to the predicted
^
y in the

output layer for a DNN with L hidden layers can be expressed as follows:

^
y = f (x; θ) = o

(
f L
(
· · · f 2

(
f 1(x)

)))
(2)

where f l(·) represents the nonlinear function of the l-th hidden layer listed in Equation (1),
o(·) is the output function of the output layer, θ =

{
W1, b1, · · · , WL, bL

}
is the parameter

to be learned in DNN, and f (x; θ) represents the θ-parameterized DNN model with inputs
x. Given the target y, a loss function that evaluates the prediction performance of the DNN
model can be defined, e.g., the mean square error (MSE, as illustrated in Equation (3).

L(ŷ, y; θ) = L( f (x; θ), y) =
1
2

N

∑
n=1
‖ f (xn; θ)− yn‖2 (3)
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The loss function L(·) is a function of parameters θ, and N is the total number of
samples in the dataset. A DNN model learns to predict the target y by adjusting its param-

eters θ to minimize the loss L(
^
y, y; θ). The gradient descent method is usually adopted in

parameter updating; the gradient ∇θ L w.r.t. parameters θ =
{

W1, b1, · · · , WL, bL
}

of each
layer are calculated based on the backpropagation algorithm by applying the chain rule to
Equations (2) and (3). Parameters are updated in iterations listed in Equation (4), where α
is the learning rate.

θ← θ− α∇Lθ (4)

Compared to shallow neural networks with hand-crafted features [40], deep learning
is designed to learn more effective representations that extract the nonlinear relationships
hidden in data through end-to-end training. However, the parameter space can become
extremely large for deep neural networks with dense connections, which can lead to issues
such as overfitting and training difficulties. To address this, the dropout mechanism was
proposed and has since become a standard technique for training deep neural networks [41].

As illustrated in Figure 2b, dropout randomly ignores some units during training by
enforcing the weights as 0 to reduce the connects in the neural network with a probability
of p [42], which can be expressed as:

h′ =

{
0 with probability p

h
1−p otherwise

(5)

where h and h’ represent the original dropout’s hidden state, respectively. It is obvious from
the expectation of E[h′] = E[h] that dropping out is equivalent to adding unbiased noise to
the hidden units. Dropout is usually employed as a regularization to avoid overfitting and
can be viewed as a type of ensemble learning [42]. Recent research proves that dropping
out in the early and late stages of the training process is useful to avoid both overfitting
and underfitting [43].

In the missing data imputation tasks, the dataset may have several random missing
channels, thus making some units in the input layers zero. The randomly missing channels
in the dataset will harm a well-trained network. To address this issue, we introduce the
dropout mechanism in the input layers during the training process by randomly ignoring
the units in the input layer to simulate missing data in the inputs. This allows the model to
learn invariant patterns in a missing data condition.

2.2. LSTM: Long-Short-Term Memory

In DL tasks, the input and output are usually specified based on the real-world appli-
cation. DL models differ in the architecture of hidden layers, with the temporal relations in
time series data being difficult to model using conventional DNNs. To address this issue,
recurrent connections that map outputs of earlier steps to later steps are introduced to the
hidden layers, resulting in RNN, as illustrated in Figure 3a, where the red arrow represents
the recurrent connections. The neural network of each step t is a conventional DNN with
multiple hidden layers and can usually be illustrated in the folded expression in Figure 3b
for efficiency. Where the rectangular blocks represent the hidden layers and the cyclic
arrows are the recurrent connections.

Long short-term memory (LSTM) is proven to be a SOTA model of RNN in the
sequence data learning tasks [44–46], thus it is employed in this study. In the LSTM model,
the hidden layers are LSTM cells with gate units, as illustrated in Figure 3c and Equation (6).

f (t) = σ
(

Wfh
(t−1) + Ufx(t) + bf

)
i(t) = σ

(
Wih(t−1) + Uix(t) + bi

)
o(t) = σ

(
Woh(t−1) + Uox(t) + bo

) (6)
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where f (t), i(i), o(i) are the forget gate, input gate, and output gate, respectively.
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Two hidden states are contained in LSTM, i.e., the short-term state h(t) and the long-
term state C(t). The forward propagation of LSTM units is illustrated in Equations (6)–(9).
The updating of these states at step t writes:

C̃
(t)

= tanh
(

WCh(t−1) + UCx(t) + bC

)
(7)

C(t) = f (t) ∗ C(t−1) + i(t) ∗ C̃
(t)

(8)

h(t) = o(t) ∗ tanh
(

C(t)
)

(9)

where Wf, Wi, Wo, Wc are weights for states of the forget/input/output gate and the long-
term memory state; Uf, Ui, Uo, Uc are weights for inputs of the forget/input/output gate
and the long-term state, bf, bi, bo, bc are biases of the forget/input/output gate and the long-
term state. ∗ represents the Hadamard product of matrices (the elementwise production),
and σ(·) and tanh(·) are the nonlinear activation functions in sigmoid and tanh form,
respectively. Note that in Equation (8), the state of the former step C(t−1) propagates to the
current step state C(t) in a linear style f (t) ∗ C(t−1), and the linearity can be propagated in
the whole length of the sequence. This part of the update keeps the long-term memory,
C(t) is therefore named the long-term memory state. Comparably, h(t) is the short-term
memory state.

2.3. AE: Autoencoder

With the idea of unsupervised feature learning in DL, the autoencoder (AE) forms
a general framework for learning the compressed representation in the hidden space of
the input data [46–48]. An autoencoder consists of two modules: an encoder module and
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a decoder model. The encoder takes the input data and compresses it into a compressed
representation in a lower-dimensional space, and the decoder then reconstructs the original
inputs from the compressed representation. And the goal is to minimize the reconstruction
error, as illustrated in Equation (10).

fEnc : X → H
fDec : H → X

θ = argmin
θ
‖x− fDec( fEnc(x))‖

(10)

where X is the space of the inputs, H is the space of hidden states. In the autoencoder
framework, fEnc learns to map the inputs to the compressed representation fEnc(x), and
fDec learns to reconstruct the inputs fDec( fEnc(x)) from the compressed representation,
and the goal is to minimize the error between the original inputs x and the reconstructed
fDec( fEnc(x)). The model is then trained by minimizing the difference between the input
and the output, also known as the reconstruction error. The popularity of autoencoders can
be attributed to their ability to learn meaningful representations of complex data without
requiring explicit supervision.

In this way, this compressed representation promises to capture the most important
underlying structure of the input data and remove redundant information. And the ability
of the autoencoder to learn meaningful representations and the underlying structure of
complex data has made it a valuable model in many areas. In SHM, the learned compressed
representation and the reconstructed errors are used as the damage indicator [24], given the
fact that a well-trained autoencoder on the SHM big data can be viewed as a data-driven
agent model of the bridge structural performance, and the reconstruction error reflects
the changes of the underlying structures of the input data and the condition of the bridge
structure compared to the initial condition.

2.4. The Robust Damage Identification Model Based on LSTM

The proposed model integrates the above-introduced modules and forms an LSTM-
structured autoencoder model. Two stages are included: the first is the LSTM-structured
encoder module that learns the hidden compressed representations and the underlying rela-
tionships, and the second is the LSTM-structured decoder module that learns to reconstruct
the inputs from the hidden representation. Furthermore, linear layers are added to the
LSTM cell to reshape the size of the outputs of the LSTM-structured encoder and decoder.

Inputs are the monitored time series data of all investigated channels, while some
of them are masked as dropouts to simulate missing data. According to the above, this
is equivalent to adding unbiased noise to the training dataset, so missing data cases are
augmented in the training process, leading to an easier way to train a robust model that
considers missing data. In this way, the spatiotemporal relationship among the time scales
of all investigated channels is learned from the augmented dataset, and missing data is
simply viewed as a dropout. Furthermore, the proposed model remains unchanged when
the missing data occasion really occurs, which makes the proposed method robust to
missing data cases.

3. Case Study
3.1. Dataset

Cables are one of the most critical and vulnerable components in a cable-stayed bridge
that suffer cyclic loads and harsh environments [49,50], and cable tension force is the most
direct indicator. Opensource cable tension dataset of an in-service cable-stayed bridge
released in 1st IPC-SHM (official website @ http://www.schm.org.cn/#/IPC-SHM,2020
/dataDownload, (accessed on 15 January 2021)) is used for the case study. As shown in
Figure 4, the bridge is a double-cable-plane cable-stayed bridge with 168 cables (84 pairs).
All cables are allocated load cells for the monitoring of the dynamic cable tension. The
monitoring data of 14 cables in 10 days is released, with a sampling frequency of 2 Hz.

http://www.schm.org.cn/#/IPC-SHM,2020/dataDownload
http://www.schm.org.cn/#/IPC-SHM,2020/dataDownload
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Cables are numbered from left to right as SJS08 to SJS14 for the upstream side of the
bridge and SJX08 to SJX14 for the downstream side of the bridge. And the dates of the
released dataset are a weeklong in 2006 from 13 May to 19 May, and three separate days
on 14 December 2007, 5 May 2009, and 1 November 2011. One of the released 14 cables is
intended to be damaged while missing data occurred on three cables in 2011.

1 
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Figure 4. The investigated cable-stayed bridge. (Red cables denote the 14 cables in the re-
leased dataset).

Figure 5 illustrates the cable tension series of the released 14 cables. Sensor drifts
were observed in most cables after 2007, indicating the raw data and the absolute value
of cable tension are not usable directly. Sensor error was also observed in cables SJX08
and SJX13 on 1 November 2011, and in cable SJS13 on 14 December 2007, 9 May 2009,
and 1 November 2011. The monitoring data is either steady or randomly jumping, so it is
treated as missing data.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 8 of 19 
 

3. Case Study 

3.1. Dataset 

Cables are one of the most critical and vulnerable components in a cable-stayed 

bridge that suffer cyclic loads and harsh environments [49,50], and cable tension force is 

the most direct indicator. Opensource cable tension dataset of an in-service cable-stayed 

bridge released in 1st IPC-SHM (official website @ http://www.schm.org.cn/#/IPC-

SHM,2020/dataDownload, (accessed on 15 January 2021))) is used for the case study. As 

shown in Figure 4, the bridge is a double-cable-plane cable-stayed bridge with 168 cables 

(84 pairs). All cables are allocated load cells for the monitoring of the dynamic cable ten-

sion. The monitoring data of 14 cables in 10 days is released, with a sampling frequency 

of 2 Hz. Cables are numbered from left to right as SJS08 to SJS14 for the upstream side of 

the bridge and SJX08 to SJX14 for the downstream side of the bridge. And the dates of the 

released dataset are a weeklong in 2006 from May 13 to May 19, and three separate days 

on 14 December 2007, 5 May 2009, and 1 November 2011. One of the released 14 cables is 

intended to be damaged while missing data occurred on three cables in 2011. 

Figure 5 illustrates the cable tension series of the released 14 cables. Sensor drifts were 

observed in most cables after 2007, indicating the raw data and the absolute value of cable 

tension are not usable directly. Sensor error was also observed in cables SJX08 and SJX13 

on 1 November 2011, and in cable SJS13 on 14 December 2007, 9 May 2009, and 1 Novem-

ber 2011. The monitoring data is either steady or randomly jumping, so it is treated as 

missing data. 

 

Figure 4. The investigated cable-stayed bridge. (Red cables denote the 14 cables in the released dataset). 

  

  

64,80025,7006,300 25,700 6,300

North Tower South TowerPier Pier

SA17SA03SJ11SJ17

SA01~SA21SJ01~SJ21NA01~NA21 NJ01~NJ21

A

A-A

A

Unit: mm

A

A

Figure 5. Cont.



Appl. Sci. 2023, 13, 5421 9 of 18
Appl. Sci. 2023, 13, x FOR PEER REVIEW 9 of 19 
 

  

  

  

  

  

Figure 5. Cable tension of the investigated cables (red denotes the missing data cases). 

A typical monitoring cable tension time series on a one-day scale is illustrated in Fig-

ure 6a and details on the 35 s scale are illustrated in Figure 6b. Low-frequency trend items 

induced by temperature and high frequency peak points items induced by vehicles can be 

observed. Further considering the dead load and noises, the monitored cable tension 

total T  writes as: total d e v rT T T T T= + + + , where dT , eT , vT  and rT  represent the effects of 

the dead load, the temperature, the vehicle, and the noises, respectively. In the moving 

concentrated force assumption, the vehicle-induced cable tension can be expressed as: 

Figure 5. Cable tension of the investigated cables (red denotes the missing data cases).

A typical monitoring cable tension time series on a one-day scale is illustrated in
Figure 6a and details on the 35 s scale are illustrated in Figure 6b. Low-frequency trend
items induced by temperature and high frequency peak points items induced by vehicles
can be observed. Further considering the dead load and noises, the monitored cable tension
Ttotal writes as: Ttotal = Td + Te + Tv + Tr, where Td, Te, Tv and Tr represent the effects of
the dead load, the temperature, the vehicle, and the noises, respectively. In the moving
concentrated force assumption, the vehicle-induced cable tension can be expressed as:

Tv,1
Tv,2

...
Tv,M

 =


d11 d12 · · · d1N
d21 d22 · · · d2N

...
...

...
...

dM1 dM2 · · · dMN




F1
F2
...

FN

 (11)
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where Tv,i, Tv,j is the vehicle-induced cable tension item for ith and jth cable, D(·) = [dmn]M×N
is the discretized flexibility matrix, and Fn is the nth moving force loading on the
discretized position.
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Considering the cable tension of ith cable under a single vehicle,

Tv,i(t) = ηi(xn(t), yn(t)) · Fn (12)

where (xn(t), yn(t)) represents the discretized location of the vehicle on the girder and
ηi(xn(t), yn(t)) is the influence surface of the vehicle that is determined by the relative
stiffness of stay cables and can be decoupled as the influence line on the longitudinal
direction and the transverse direction ηi(xn(t), yn(t)) = ηxi(xn(t)) · ηyi(yn(t)). Considering
multiple vehicles on the bridge, which is more frequent in realistic, the vehicle-induced
item of the ith and jth cable are:

Tv,i(t) = ∑
n

Fn · ηxi(xn(t)) · ηyi(yn(t))

Tv,j(t) = ∑
n

Fn · ηxj(xn(t)) · ηyj(yn(t))
(13)

3.2. Preprocessing

The vehicle-induced term of the cable tension is valuable as it provides information
similar to load-test data, but the exact weight of the vehicle is unknown. Therefore, it
is necessary to decouple the multi-source effects and extract the vehicle-induced term.
However, this term is non-stationary, as shown in Figure 6a,b, making it difficult to obtain
the ideal term by frequency methods alone. Thus, the raw data is segmented into 30-min
lengths, and smaller segmentations are suggested [51,52]. In addition, due to the sparsity
of vehicles on the bridge, a larger percentage of the observed data points are near the trend
term induced by temperature. Therefore, the violin plot is used as a detrending technique
in the preprocessing procedure.

A violin plot is a data visualization technique that combines the features of a box plot
and a kernel density plot. It is used to display the distribution of a continuous variable
across various levels of a categorical variable, as illustrated in Figure 6b. By visualizing
the data distribution, it is easy to identify that most observed data points are near the
trend. Therefore, the median value of a specified segmentation obtained by the violin plot
is used as the trend term. Figure 6c shows the trend term obtained by this method in a
30-s segmentation, while Figure 6d shows the trend term obtained for the entire day by
segmentations and interpolation, under the smooth assumption of the temperature-induced
trend term.

Figure 6e shows cable tension detail under two occasions of single vehicle loading.
Each subgraph in Figure 6e compares the cable tension of the upstream and downstream
sides. The left subgraphs show that the vehicle-induced cable tension of the upstream side
cables exceeds that of the downstream side cables, while the right subgraphs show the
opposite. This indicates that a vehicle is passing in the upstream side direction in the left
subgraphs and the downstream side direction in the right subgraphs. Time delay of the
vehicle-induced peaks in these two directions is also observed, indicating the nonlinearity
in the cable tension of the cable group. Ref. [51] proposed the cable tension ratio feature
and a Gaussian Mixture Model (GMM) for damage identification of cables based on cable
tension data under single vehicle, from the perspective of cable pairs (cable tension of the
upstream and downstream cables). However, this pair-by-pair method cannot infer the
exact damaged cable in the suspected pair and may fail in missing data cases. Additionally,
the proposed linearity-based ratio fails to model the nonlinearity in the cable tension dataset
of the cable group.

3.3. Implementation Details

For the dataset of the vehicle-induced cable tension D = {Tv,i(t)}, the vehicle loads
are the same; therefore, the relations among them are related to their influence surface and
their relative stiffness only. Therefore, the model learned using the dataset of a specified
period forms an agent model of that period; once the model changes in another period,
the structural condition can be inferred to have changed. And the reconstruction error
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predicted by the pretrained baseline model for a specific period (i.e., the early days of
bridge operation) can be used as the damage indicator.

The proposed model learns the spatiotemporal relationships among the monitored
data of all channels with the input and output nodes:

Tv,i(t) = AEθ

(
Tv,j(t + τ)

)
(14)

Algorithm 1 is the pseudo-code for the training procedure: the length of the LSTM is the
sequence of length T:

{
x(tn+1), x(tn+2), · · · , x(tn+T)

}
, inputs x(tn) :

{
Tb

v,i(tn)
}
∈ Rbatch_size×M

represent the training batch of the vehicle-induced cable tension of M cables at tn step,

outputs
^
y
(t)

represent the corresponding predictions in the unsupervised learning way, and
target outputs are equal to inputs y(t) = x(t). Adam’s optimization algorithm is employed
to train the model.

Algorithm 1: LSTM-structured autoencoder training

1. Initialize parameters θ;
2. Specifies batch_size, the length of the input T, learning rate α;
3. For k = 1, · · · , max_iteration
4. Randomly generates batch_size integers from [1, N − T];
5. Generates normalized training set x =

{
Tb,i

v (tn : tn + T)
}
∈ Rbatch_size×T×M, target_y = x,

randomly sets dimensions M1 ∈ [1, M] in x to 0 to obtain train_x = x;
6. Updating model parameters using AdamOptimizer.

In this task, the units for the inputs and outputs are 14, corresponding to the 14 channels of
the monitoring dataset. The LSTM-structured encoder and the decoder cell have both 3 layers
and 32 units in each layer. Linear layers of layer 1 : R32 → R5 and layer 2 : R32 → R14 are
added to the encoder and the decoder, respectively, to satisfy the shapes of the hidden layer
and the output layer. Other hyperparameters are set as: T = 2400, max_iteration = 100,000,
batch_size = 30 and α = 0.005, and MSE error is employed. The whole model is built on
TensorFlow, and the optimizer is named Adam Optimizer. An autoencoder structured by a
3-layer DNN with [64, 32, 5] hidden units and a decoder structured by a 3-layer DNN with
[5, 32, 14] hidden units are also developed as comparison models.

The dataset obtained from 13 May 2015 to 19 May 2006 is used to generate the training
dataset, and the dataset of the other 3 days in 2007, 2009, and 2011 is used to generate the test
dataset. Segmentations with 100 points of overlap are adopted for the data augmentation.
The total length of the cable tension dataset during the 7-day monitoring period in 2006
is 7× 3600× 24× 2 = 1,209,600, therefore, with the above overlap and the segmentation
length, the size of the training dataset is 12,073.

3.4. Results

In the training procedure, 0–12 cables are simulated to be dropped, corresponding
to a 0–85.7% missing rate. Figure 7a shows the loss curves of the DNN-structured and
the LSTM-structured autoencoder model trained with a 50% missing rate (i.e., 7 randomly
missing cable data are dropped out). Figure 7b shows the training errors of DNN and
LSTM networks under different data loss rates. It can be observed from Figure 7 that in the
missing data cases, the training error of DNN and LSTM networks increases exponentially
with the increase of the missing rate (i.e., the number of missing cables k).
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The result shows that the LSTM-structured AE model performs a lot better than the
DNN-structured AE model. Compared with the DNN-structured AE model, the LSTM-
structured AE model can form a memory of historical data within the network, thereby
extracting spatiotemporal correlation features of cable forces in the cable group. Therefore,
under the missing date occasion, the performance of the LSTM-structured AE model and
spatiotemporal correlation of cable tension far exceeds that of the DNN-structured AE
model and spatial correlation alone.

Figure 8 shows the prediction results of the pre-trained LSTM network for cable
tension on 1 November 2011. While cable tension of SJX08, SJS13, and SJX13 are really
missing, cable tension of SJS08, SJS09, SJS11, SJX11, SJX12, SJS13, and SJX13 are dropped
out. Eight cable forces were really missing in the input data. With the pre-trained model,
the prediction is illustrated in Figure 6. Indicating that the LSTM-structured AE model
can reconstruct the missing data and diagnose cable health based on the pretrained agent
model of the cable group’s initial performance. The real cable tension value of cable SJS11 in
Figure 8c is lower than the benchmark prediction value, indicating a decrease in the actual
carrying capacity of the cable and thus indicating the cable damage, which is consistent
with the cable state evaluation results released in [39].

Figure 9 shows the diagnosis results of the cable group based on the 3-σ criterion.
The results indicate that only cable SJS11 is damaged based on the standard values of the
prediction error calculated using the pre-trained LSTM-structured AE model, while the
other cables are in healthy condition, which is consistent with the cable state evaluation
results in [39].



Appl. Sci. 2023, 13, 5421 14 of 18

Appl. Sci. 2023, 13, x FOR PEER REVIEW  14  of  19 
 

Figure 8 shows the prediction results of the pre-trained LSTM network for cable ten-

sion on 1 November 2011. While cable tension of SJX08, SJS13, and SJX13 are really miss-

ing, cable tension of SJS08, SJS09, SJS11, SJX11, SJX12, SJS13, and SJX13 are dropped out. 

Eight cable forces were really missing in the input data. With the pre-trained model, the 

prediction is illustrated in Figure 6. Indicating that the LSTM-structured AE model can 

reconstruct  the missing data and diagnose  cable health based on  the pretrained agent 

model of the cable group’s initial performance. The real cable tension value of cable SJS11 

in Figure 8c  is lower than the benchmark prediction value,  indicating a decrease in the 

actual carrying capacity of the cable and thus indicating the cable damage, which is con-

sistent with the cable state evaluation results released in [39]. 

 

(a) SJS08 vs. SJX08 (where SJX08 is a loss and SJS08 is assumed to be a loss). 

 

(b) Training loss of DNN and LSTM-structured AE models under varying missing rates. 

Appl. Sci. 2023, 13, x FOR PEER REVIEW  15  of  19 
 

 

(c) SJS11 vs. SJX11 (SJS11 and SJX11 are assumed to be losses, and SJS11 is damage). 

 

(d) SJS14 vs. SJX14. 

Figure 8. Prediction results of DNN and LSTM in a 50% data loss rate case (1 November 2011). 

Figure 9 shows the diagnosis results of the cable group based on the 3-σ criterion. 

The results indicate that only cable SJS11 is damaged based on the standard values of the 

prediction error calculated using the pre-trained LSTM-structured AE model, while the 

other cables are in healthy condition, which is consistent with the cable state evaluation 

results in [39]. 

 

Figure 9. Damage identification based on the reconstruction error. 

   

Figure 8. Prediction results of DNN and LSTM in a 50% data loss rate case (1 November 2011).



Appl. Sci. 2023, 13, 5421 15 of 18

Appl. Sci. 2023, 13, x FOR PEER REVIEW  15  of  19 
 

 

(c) SJS11 vs. SJX11 (SJS11 and SJX11 are assumed to be losses, and SJS11 is damage). 

 

(d) SJS14 vs. SJX14. 

Figure 8. Prediction results of DNN and LSTM in a 50% data loss rate case (1 November 2011). 

Figure 9 shows the diagnosis results of the cable group based on the 3-σ criterion. 

The results indicate that only cable SJS11 is damaged based on the standard values of the 

prediction error calculated using the pre-trained LSTM-structured AE model, while the 

other cables are in healthy condition, which is consistent with the cable state evaluation 

results in [39]. 

 

Figure 9. Damage identification based on the reconstruction error. 

   

Figure 9. Damage identification based on the reconstruction error.

4. Conclusions

This paper addresses the issue of missing data in structural health monitoring (SHM)
and proposes a dropout mechanism for data-driven approaches that can handle missing
data. The results show that instead of imputing missing data, we can treat it as dropped
input units and develop a robust model for damage identification and other tasks.

The paper proposes an unsupervised learning method based on an LSTM-structured
AE model, which serves as a baseline agent model for the correlation between a group
of cables. The reconstruction error of the model can be used as a damage indicator. The
baseline model can be trained with the monitoring data in the early period of the struc-
ture’s operation and establishes a many-to-many spatiotemporal mapping model of cable
tension for cables in the group. This improves the efficiency of SHM data processing and
health diagnosis.

The unsupervised learning representation of the LSTM-structured AE model and
the dropout mechanism used in this paper can handle missing data effectively, allowing
for accurate and robust baseline agent models to be developed. This model enables the
unified handling of missing data imputation and damage identification simultaneously
and reduces the requirements for data quality.

5. Discussions and Future Directions

The proposed robust DL-based method is essential and feasible due to the correlation
patterns under the same loading field, the non-linearity of the correlation, and the DL-based
implementation of missing data imputation and damage identification. Therefore, this
method is suitable for monitoring data of various response types (such as displacement,
strain, etc.) and structures.

However, this method has some limitations. One limitation is the maximum length of
the LSTM-structured model, which can be computationally complex for a recurrent neural
network. Therefore, the correlation learned by this method is more suitable for short-term
loading events such as vehicle loading. Another limitation lies in the difficulty of fusion
with the hand-crafted features, such as the modal parameters, which may not be suitable
for vibration data due to higher sampling frequencies and the developed hand-crafted
modal features.

Considering the above discussions and limitations, more advanced DL models such as
CNN and transformer-based models can be developed to learn spectral features and longer
correlations from time series data. Additionally, the explanation of self-learning features
should be explored. Efficient fusion models of self-learning and hand-crafted features
should also be valued to improve the effectiveness of this method.
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Nomenclature

List of symbols
x Inputs of the model σ(·) Nonlinear activation function
y Targets of the model tanh(·) Tanh-formed activation function
^
y Outputs of the model hl Hidden state of the l-th layer
L Number of layers (Depth) f (·) Nonlinear mapping function/model
L(·) Loss function x(t) Inputs at t step in LSTM
Wl Weights of the l-th layer h(t) Short memory state at t step in LSTM
bl Bias of the l-th layer C(t) Long memory state at t step in LSTM
Wf, Wi, Wo, Wc Weights for states of forget/input/output gate and state update in LSTM
Uf, Ui, Uo, Uc Weights for inputs of forget/input/output gate and state update in LSTM
bf, bi, bo, bc Bias of forget/input/output gate and state update in LSTM
f (t), i(i), o(i) Forget gate, input gate, and output gate
θ Parameter set of weights and bias for a neural network model
fAE(·), fDE(·) Encoder and Decoder in the Autoencoder frame
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