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1. Introduction 

 
Stay cables are among the most critical elements of 

cable-stayed bridges as they provide essential support to the 
bridge deck Li et al. (2018). Stay cables are susceptible to 
fatigue and corrosion damage which may result in cable 
deterioration or failure on large span bridges Li and Ou 
(2016), Brownjohn et al. (2011), Ko and Ni (2005). 
Moreover, when damage occurs to a certain cable, it causes 
load redistribution among other cables and thus endangers 
the safety of the whole bridge (Macdonald and Daniell 
(2005), Miyashita and Nagai (2008). Therefore, the 
condition assessment of stay cables is of critical importance 
for ensuring the operation and longevity of cable-stayed 
bridges Li et al. (2014a), Yang et al. (2016). 

Cable tension monitoring is one of the most widely used 
approaches for evaluating the health condition of bridge 
cables Li et al. (2014b), with techniques including strain 
monitoring of cable wires with strain sensors, cable force 
evaluation with load cell, etc. Li et al. (2009, 2014b), Yang 
et al. (2016), Ye et al. (2016), Duan et al. (2016). A critical 
challenge faced by this method is that the results of cable 
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tension analysis do not necessarily reflect the health 
condition of stay cables. This is because the measured cable 
tension in field tests is not only affected by the cable 
condition but also many exterior factors, such as traffic 
loading, environmental influence (wind, temperature, 
moisture, etc.), and measurement noise Li and Ou (2016). 
For example, natural frequencies are widely used to 
evaluate the tension loss of cables Miyashita and Nagai 
(2008). However, the measured natural frequencies in field 
tests are largely affected by environmental factors such as 
temperature. Therefore, it is necessary to develop a health 
indicator that is sensitive to the cable’s damage condition 
and insusceptible to exterior influences. Li and Ou (2016) 
used the Gaussian mixture model (GMM) to simulate the 
measured cable tension ratios between cable pairs and 
evaluated the cable conditions from the observed transition 
of model patterns Li and Ou (2016). Despite its 
performance in cable damage detection, this approach 
requires intensive data preprocessing, for example 
clustering corresponding to traffic lanes and source 
separation, and the used machine learning model is a lot 
more complex than most deep learning models in the 
literature. Moreover, the method in Li and Ou (2016) can 
only identify the cable pair with potential damage and fails 
to determine the exact damaged cable. 

Pattern recognition and machine learning (ML) have 
been widely used in SHM since the beginning of this 
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Abstract.  Stay cables play an essential role in cable-stayed bridges. Severe vibrations and/or harsh environment may result in 
cable failures. Therefore, an efficient structural health monitoring (SHM) solution for cable damage detection is necessary. This 
study proposes a data-driven method for immediately detecting cable damage from measured cable forces by recognizing 
pattern transition from the intact condition when damage occurs. In the proposed method, pattern recognition for cable damage 
detection is realized by time series classification (TSC) using a deep learning (DL) model, namely, the long short term memory 
fully convolutional network (LSTM-FCN). First, a TSC classifier is trained and validated using the cable forces (or cable force 
ratios) collected from intact stay cables, setting the segmented data series as input and the cable (or cable pair) ID as class labels. 
Subsequently, the classifier is tested using the data collected under possible damaged conditions. Finally, the cable or cable pair 
corresponding to the least classification accuracy is recommended as the most probable damaged cable or cable pair. A case 
study using measured cable forces from an in-service cable-stayed bridge shows that the cable with damage can be correctly 
identified using the proposed DL-TSC method. Compared with existing cable damage detection methods in the literature, the 
DL-TSC method requires minor data preprocessing and feature engineering and thus enables fast and convenient early detection 
in real applications. 
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decade Gui et al. (2017), Pan et al. (2018), Zhang et al. 
(2019a, 2021), Zhang (2020), Zhang and Sun (2020a, b, c). 
Applications include data compression and recovery, 
anomaly detection, knowledge discovery for structural 
condition assessment, etc. Bao et al. (2019a), Sun et al. 
(2020). For example, deep learning (DL) models such as 
convolutional neural networks (CNN) and recurrent neural 
networks (RNN) have been widely used for time series 
analysis in SHM. CNN has been used to analyze measured 
acceleration series for bolt loosening detection Abdeljaber 
et al. (2018) and structural damage localization Wang and 
Chan (2009), Lin et al. (2017). RNN, including the long 
short-term memory (LSTM) and gated recurrent unit 
(GRU), has been used for remaining life estimation Zheng 
et al. (2017) and degradation assessment Guo et al. (2017) 
of machines and response prediction in structural dynamics 
Zhang et al. (2020). It is noted that in SHM, most collected 
raw data (acceleration, strain, temperature, etc.) are in the 
form of time series, which need to be further processed and 
analyzed to evaluate possible structural damage or 
deficiency. Pattern recognition through DL has the potential 
of detecting the possible variation/transition of structural 
health condition using the measured time series data. 

Among the ML/DL approaches for time series analysis, 
time series classification (TSC) has been widely used for 
data mining and knowledge discovery in various areas, such 
as health care Abdelfattah et al. (2018), Ma et al. (2018), 
Fawaz et al. (2018), financial analysis Higdon et al. (2019), 
Luo et al. (2019), and weather forecast Gao et al. (2019). 
Given a set of time series data with corresponding class 
labels, a TSC model is trained to predict the labels of new 
time series data. TSC methods include feature-based 
approaches based on non-deep ML models Orsenigo and 
Vercellis (2010), Seto et al. (2015), Xing et al. (2010) and 
DL approaches (i.e., DL-TSC) Fawaz et al. (2019), Zheng 
et al. (2014). Compared with feature-based approaches, DL 
approaches obviate the demanding work of feature 
extraction and feature engineering. Comprehensive reviews 
of DL approaches for TSC can be found in Fawaz et al. 
(2019), Santos and Kern (2016), Längkvist et al. (2014). 
Karim et al. (2017, 2019a, b) proposed augmenting the fully 
convolutional networks (FCN) with the long short term 
memory recurrent neural network (LSTM-RNN) module for 
TSC. The proposed LSTMFCN model avoids complex data 
preprocessing and outperforms traditional TSC models in 
terms of classification accuracy. Experimental studies 
approve that concatenating the LSTM features with the 
CNN features improves the robustness of the learned TSC 
classifier. 

Considering the limitations of existing methods for 
cable condition assessment, this study proposes detecting 
cable damage through pattern recognition via DL-TSC. The 
LSTM-FCN model is used in this study for TSC because of 
its outstanding advantages over other models. The measured 
cable forces (or their ratio between cable pairs) are taken as 
the input data of the TSC model and the cable (or cable 
pair) ID as class labels. A TSC model is first trained and 
validated using the data measured from intact cables. When 
damage occurs to a certain cable (or cable pair), its behavior 
pattern underlying the cable force series should have 

transitioned to a different state. As a result, the previously 
learned model from intact conditions will not generalize 
well when tested on the data measured from a damaged 
cable (or cable pair), while it still predicts the labels of data 
from undamaged cables with high accuracy. Therefore, the 
damaged cable (or cable pair) is expected to be recognized 
by comparing the testing accuracies. A case study is 
implemented with field test data measured from a real 
cable-stayed bridge to validate the proposed methodology. 
The results show that the correct damaged cable in addition 
to the damaged cable pair can be correctly identified using 
the proposed DL-TSC method. Compared with existing 
methods for cable damage detection, the DL-TSC method 
obviates the intensive work for data preprocessing or 
feature engineering without sacrificing the identification 
accuracy. Therefore, it has advanced convenience and 
efficiency in practical applications on real bridges. The key 
contributions of this study include: 

 

(1) Establishing a comprehensive framework for cable 
damage detection from measured cable forces 
through pattern recognition via DL-TSC. 

(2) Designing the TSC scheme properly so that it 
successfully captures the pattern transition when 
damage occurs to certain cables. 

(3) Designing two TSC scenarios with different input 
data and class labels so that their outcomes can be 
synergistically combined to determine the most 
probable damaged cable. 

(4) Visualizing the time series data in a reduced 
dimensional space to demonstrate the potential of 
the proposed DL-TSC method for cable damage 
detection. 

(5) Integrating LSTM features with the CNN features 
to improve the robustness of TSC with cable force 
data using the LSTM-FCN model. 

(6) Validating the DL-TSC method using field test data 
from a large-span cable-stayed bridge. 

 
 

2. Methodology 
 
In this study, the health conditions of stay cables are 

evaluated through pattern recognition via DL-TSC. Fig. 1 
illustrates the framework of the DL-TSC method. This 
method contains two modules: (1) the module for model 
training; (2) the module for model testing. The training 
module starts from data collection under intact conditions. 
Stay cables can be regarded as intact within the first several 
months after they are installed or replaced and calibrated. 
During this period, sufficient data can be collected from the 
instrumented cables. In this study, cable force data are used 
to train a TSC model for cable condition assessment. 
Preprocessing may be necessary to eliminate outliers from 
malfunctioning sensors. The measured time series data from 
each cable are divided into n segments (data 1, 2, ..., n in 
Fig. 1), and each data segment is labeled with its 
corresponding cable ID (cable I, J, K, etc. in Fig. 1). Hence, 
a multiclass TSC problem can be formulated with the 
collection of data segments set as input and the IDs of all 
instrumented cables as target labels. The number of classes 
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equals the number of monitored cables. A TSC model is 
trained and validated using all the labeled data measured 
under intact conditions. It is expected to have sufficient 
robustness with respect to the variations of exterior factors 
by virtue of the merits of DL approaches for pattern 
recognition and data sufficiency. For convenience, this 
model is termed model M0. 

The testing module evaluates the cable conditions 
during regular bridge inspection or after disasters like 
earthquakes or incidents such as vehicle collision. Time 
series data are collected from instrumented cables and 
processed in the same format as in the training module. The 
previously learned model M0 is tested on the new data 
series. In case a certain cable is still intact without 
nontrivial damage, its mechanical behavior should lie in the 
same pattern as its intact condition defined in the training 
module, and the new measured data should be encompassed 
by the data collected from the same cable in the training 
module if visualized in the hyperspace. As a result, the data 
segments collected therefrom should be correctly labeled 
using model M0. In contrast, when significant rupture 
happens to the wires of a certain cable, its mechanical 
behavior varies. Thus, the pattern underlying measured data 
therefrom transitions from its intact condition to damaged 
condition, and the data lies away from their intact 
counterparts in the hyperspace. Consequently, when the 
measured data are inputted into model M0, the model 
cannot output the correct label because the damaged 
condition has not been incorporated in the model training. 
In this way, the cable(s) with nontrivial damage can be 
detected by identifying the one(s) with abnormally low 
testing accuracy using model M0. It is noted that the 
classification accuracy for a certain class is evaluated as the 
average accuracy of all data segments belonging to that 
class. 

Two scenarios with different TSC model inputs are 
investigated in this study for cable condition assessment: (1) 
time series of cable forces are taken as input; (2) cable force 
ratios between cable pairs are taken as input. The 

 
 

nomenclature for Scenario 1 is used in the context above 

and in Fig. 1 for the convenience of explaining the DL-TSC 
method. Scenario 2 considers the possible variation of force 
distribution between cable pairs when damage occurs to a 
certain cable. When certain cable damages, more portions 
of forces will be imposed on the other cable in the same 
cable pair. Li et al. (2018) has shown that the cable force 
ratio within a certain cable pair is an efficient indicator of 
cable condition. Therefore, this study uses the cable force 
ratio as the input of the TSC model in Scenario 2. When 
implementing the DL-TSC method, the difference of 
Scenario 2 from Scenario 1 is summarized as follows: (1) 
the input is changed from cable forces to cable force ratios; 
(2) the class labels are changed from cable IDs to the IDs of 
cable pairs; (3) the number of total classes is reduced by 
half. In this study, the recommendations from the two 
scenarios regarding cable damage conditions will be 
combined to determine the most probable damaged cable, 
as the results in these two scenarios are not independent but 
complementary for the decision making. 

The LSTM-FCN model is used for TSC in this study for 
cable condition assessment, considering its proven 
advantages over other TSC models Karim et al. (2017, 
2019a, b). FCN, consisting of temporal convolutions, has 
been widely used for extracting features from time series 
data Wang et al. (2017). In the LSTM-FCN model, FCN is 
comprised of temporal convolutional networks that contain 
several (say L) convolutional layers. The convolutional 
filter of each layer (e.g., the lth layer) is parameterized by 
the weight W (l) and the bias b(l) parameters. The ReLU 
activation function is used, such that in which f(·) is a 
rectified linear unit. 

 𝐸෠௜,௧(௟) = 𝑓 ൭𝑏௜(௟) + ෍ < 𝑊௜,௧ᇲ,.(௟) , 𝐸.,௧ାௗି௧ᇲ(௟ିଵ)ௗ
௧ᇲୀଵ >൱ (1)

 
In the LSTM-FCN model, the FCN is augmented with 

an LSTM block for improved TSC performance. In the 
LSTM RNN, the vanishing gradient problem of general 

 
 

 

Fig. 1 Framework of the DL-TSC method for condition assessment of stay cables 
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Two scenarios with different TSC model inputs are 
investigated in this study for cable condition assessment: (1) 
time series of cable forces are taken as input; (2) cable force 
ratios between cable pairs are taken as input. The  

RNNs has been overcome by introducing gating 
functions into the network state dynamics. In LSTM, the 
state updates and outputs are controlled by the hidden 
vector h and the memory vector m. At time t, the system 
updates are shown in Eq. (2). Furthermore, the attention 
mechanism in LSTM enhances its capability of learning 
long term dependencies existing in long sequences. 

 𝒈௨ = 𝜎(𝑾௨𝒉௧ିଵ + 𝑰௨𝒙௧) 𝒈௙ = 𝜎(𝑾௙𝒉௧ିଵ + 𝑰௙𝒙௧) 𝒈௢ = 𝜎(𝑾௢𝒉௧ିଵ + 𝑰௢𝒙௧) 𝒈௖ = tanh(𝑾௖𝒉௧ିଵ + 𝑰௖𝒙௧) 𝒎௧ = 𝒈௙ ⊙ 𝒎௧ିଵ + 𝒈௨ ⊙ 𝒈௖ 𝐡௧ =  tanh (𝒈௢ ⊙ 𝒎௧) 

(2)

 
in which 𝜎 is the logistic sigmoid function; ⊙ represents 
element-wise multiplication; Wu , Wf , W0, and Wc are 
recurrent weight matrices; Iu , If , I0, and Ic are projection 
matrices. 

Fig. 2 illustrates the architecture of the LSTM-FCN 
model that is used in this study for univariate TSC. It 
consists of an FCN module and an LSTM module. The 
FCN module contains three stacked temporal convolutional 
blocks, and the kernel sizes will be determined later in the 
EXPERIMENTAL STUDY section. Each temporal 
convolutional block consists of a temporal convolutional 
layer for feature extraction and a ReLU activation function. 
At the end of the FCN module, global average pooling is 
imposed on the output of the final convolutional block to 

 
 

 
 

reduce the number of parameters in the FCN model and 
thus decrease its complexity. 

In the LSTM-FCN model, the LSTM module is used to 
augment the feature vector obtained from FCN. It acts as a 
regularizer to FCN and thus is expected to improve its 
robustness. The LSTM module is comprised of a dimension 
shuffle block and a regular LSTM block consisting of an 
LSTM layer with dropout. It is worth noting that in the 
LSTM-FCN model, the FCN module and the LSTM 
module process the input time series differently. The FCN 
module takes the input as a univariate time series having 
many time steps. In contrast, in the LSTM module, 
dimension shuffle is implemented first to transform the 
multi-step time series into a multivariate time series with a 
single time step. It has been proved that dimension shuffle 
can reduce the rapid overfitting issue of the LSTM model 
and thus improve the accuracy and efficiency of the LSTM-
FCN model in TSC Karim et al. (2017, 2019a, b). Finally, 
the features extracted from the FCN and LSTM modules are 
concatenated and passed to a softmax layer for multiclass 
labeling. The LSTM-FCN model has been used in radar 
image processing Teimouri et al. (2019), video processing 
Xu et al. (2017), aero-engine prognosis Zhang et al. 
(2019b), etc. 

 
 

3. Experimental study 
 
In this section, an experimental study is implemented to 

validate the proposed DLTSC method for condition 
assessment of stay cables using the data measured from a 
large-span cable-stayed bridge in Mainland China Li et al. 
(2018). The cable force data and related resources are 
provided by the organizing committee of the 1st 

 
 

 
Fig. 2 Architecture of LSTM-FCN (reproduced from Karim et al. (2017)) 

Fig. 3 The cable-stayed bridge used for the experimental study Li et al. (2018) 
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International Project Competition for Structural Health 
Monitoring (IPC-SHM 2020). More details about the bridge 
and data can be found in Li et al. (2018), Tang et al. (2019), 
Bao et al. (2019a, b), Xu et al. (2019), Spencer et al. 
(2019), Bao and Li (2020). This bridge has a main span of 
648 m and two side spans of 320 m as shown in Fig. 3. The 
bridge deck is supported by a total of 168 stay cables (i.e., 
64 pairs), which are labeled according to their locations as 
shown in Fig. 3. Letters “N” and “S” in the figure denote 
the north tower and south tower side, respectively; letters 
“A” and “J” denote the bank side and river side, 
respectively; letters “S” and “X” denote the upstream and 
downstream side, respectively. For example, SJ11 denotes 
the 11th cable pair on the south tower side, and it contains 
cable SJS11 on the upstream side and cable SJX11 on the 
downstream side. 

All 168 cables were installed with anchorage load cells 
having a sampling frequency of 2 Hz. The cables have been 
monitored with the installed sensors since October in 2005. 
In this study, 14 cables (i.e., 7 cable pairs from SJ08 to 
SJ14) among the 168 cables are investigated for stay cable 
condition assessment, with all the rest of the cables assumed 
intact. Cable forces measured on 10 days (i.e., 2006-05-13 
to 2006-05-19, 2007-12-14, 2009-05-05, and 201111-01) 
are available for analysis and decision making regarding the 
cable damage condition. All the 14 investigated cables 

 
 

 
 

 
 

remained intact before 2011, and wire rupture occurred to a 
certain cable in 2011 (prior to the day 2011-11-01). This 
case aims to identify the damaged cable among these 14 
cables using the measured cable forces. 

In the rest of this section, the measured cable forces are 
first preprocessed to eliminate possible outliers and format 
the time series data to data segments for each class in the 
two scenarios defined in the METHODOLOGY section. 
After they are preprocessed, the measured data are 
visualized in a hyperspace via manifold learning to have a 
brief view of the data belonging to different classes. 
Subsequently, An LSTM-FCN model is configured and 
trained and validated using data collected from all 
investigated cables under intact conditions, that is, the cable 
forces measured from the 14 cables on the first 9 days (i.e., 
2006-05-13 to 2006-05-19, 2007-12-14, and 2009-05-05). 
Finally, the learned LSTM-FCN model is tested on the data 
collected on 2011-11-01. The testing results in the two 
scenarios are discussed and integrated for decision making 
regarding the most probable damaged cable. 

 
3.1 Data preprocessing 
 
In Scenario 1, the cable forces are taken as the input of 

the TSC model. Figs. 4 to 6 show the measured cable forces 
from three example cables (i.e., SJS08, SJS11, and SJX11). 

Fig. 4 Cable force of SJS08 with the unit kN. (a) to (j) show the data on the following 10 days respectively: 
2006-05-13 to 2006-05-19, 2007-12-14, 2009-05-05, and 2011-11-01

Fig. 5 Cable force of SJS11 with the unit kN. (a) to (j) show the data on the following 10 days respectively: 
2006-05-13 to 2006-05-19, 2007-12-14, 2009-05-05, and 2011-11-01

Fig. 6 Cable force of SJX11 with the unit kN. (a) to (j) show the data on the following 10 days respectively: 
2006-05-13 to 2006-05-19, 2007-12-14, 2009-05-05, and 2011-11-01
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It can be observed that, all cable forces show a strong daily 
periodicity pattern, most probably due to changes in traffic 
loads or environmental conditions such as temperature 
variations. In data preprocessing, extreme values exceeding 
the thresholds of cable forces are excluded from the data 
record. 

Fig. 7 shows the cable forces measured on SJX08. It can 
be observed that on the day 2011-11-01 (Fig. 7(j)), the 
measured cable force is notably small compared with that 
on prior dates. Additionally, the amplitude fluctuation is 
within 2 kN on that day, which is much smaller than that of 
previous dates (i.e., approximately 100 kN). This abnormal 
pattern indicates possible cable damage or sensor failure. 

 
 

 
 

 
 

 
 
Moreover, the cable force exhibits a reversal or random 

drift pattern that does not change with the traffic loads or 
environmental conditions. Therefore, it can be determined 
that the load cell on SJX08 failed prior to 201111-01. A 
similar phenomenon is observed on the cable SJX13, as 
shown in Fig. 8(j). Sensor failure causes apparent pattern 
change of measured signals, which, however, does not 
indicate the pattern transition of cable behaviors due to 
damage occurrence. Thus, it is difficult to determine 
whether these two cables are still intact or damaged on the 
last day using the measured signals. Therefore, cables 
SJX08 and SJX13 are excluded for damage detection in the 
rest of this paper. Nevertheless, the data measured on these 

 
 

 
 

Fig. 7 Cable force of SJX08 with the unit kN. (a) to (j) show the data on the following 10 days respectively: 
2006-05-13 to 2006-05-19, 2007-12-14, 2009-05-05, and 2011-11-01

Fig. 8 Cable force of SJX13 with the unit kN. (a) to (j) show the data on the following 10 days respectively: 
2006-05-13 to 2006-05-19, 2007-12-14, 2009-05-05, and 2011-11-01

Fig. 9 Cable force ratio of SJ09. (a) to (j) show the data on the following 10 days respectively: 2006-05-13 
to 2006-05-19, 2007-12-14, 2009-05-05, and 2011-11-01

Fig. 10 Cable force ratio of SJ11. (a) to (j) show the data on the following 10 days respectively: 2006-05-13 
to 2006-05-19, 2007-12-14, 2009-05-05, and 2011-11-01
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two cables under intact conditions are still used in training 
and validating a TSC model in both scenarios. 

In Scenario 2, the cable force ratios between cable pairs 
are taken as the input of the TSC model. In this case study, 
the cable force ratio of a cable pair (e.g., SJ08) is defined as 
the cable force of the upstream cable (e.g., SJS08) divided 
by that of the downstream cable (e.g., SJX08). Figs. 9 and 
10 show the cable force ratios of two example cable pairs, 
SJ9 and SJ11, respectively. It can be observed that all the 
cable force ratios fluctuate around a certain value close to 
1.0, most probably because the force distribution between 
the two cables in a pair is approximately equal when a 
vehicle crosses this cable pair regardless of which lane it 
travels in. Moreover, Fig. 10 shows that the times series of 
cable force ratio of SJS11 appears fluctuating in a different 
mode on 2011-11-01 (Fig. 10(j)) than on prior dates (Figs. 
10(a) to (i)). This phenomenon is not observed in the cable 
forces of each cable in this pair as shown in Figs. 5 and 6. 
Hence, it can be conjectured that the cable force ratio may 
contain additional information regarding the variation of 
cable conditions, which though needs further examination 
via pattern recognition. 

For a certain cable, the cable force series measured on 
each day has a length of 172800, so does the cable force 
ratio for a certain cable pair. In this case study, each time 
series of cable force or cable force ratio is divided into 108 
segments, each having a length of 1600. This data 
segmentation follows the practice of the UCR datasets Dau 
et al. (2019) that are widely used for TSC. Each data 
segment is labeled with the cable or cable pair ID it belongs 
to. Hence, each class contains 108 × 9 = 972 times series 
samples in the training dataset (9 days prior to 2011) and 
108 samples in the testing dataset (1 day in 2011). It is 
noted that the TSC problem has 14 class labels when taking 
the cable forces as input (Scenario 1) and 7 class labels 
when taking the cable force ratios as input (Scenario 2). Fig. 
11 shows the process of data segmentation and labeling ((a) 
to (c)) and the prepared data in Scenario 1(d). No further 
preprocessing is implemented, as the LSTM-FCN model 
requires minimal preprocessing for TSC Karim et al. (2017, 
2019a, b). With the data prepared for multiclass TSC, they 
are first visualized in the hyperspace via manifold learning 
in the next section (Data Visualization) before being fed 
into a TSC model. 

 
 
 

3.2 Data visualization 
 
In this section, the time series data (cable force and 

cable force ratio) are visualized in a 2D space to provide a 
brief view of the distribution of data belonging to difference 
classes in the hyperspace and the potential effects of 
damage occurrence on the distribution. The manifold 
learning is conducted via uniform manifold approximation 
and Projection (UMAP) McInnes et al. (2018) to reduce the 
dimension of temporal features in the time series data, such 
that they can be represented in a low dimensional 
embedding. UAMP is a dimension reduction technique that 
has been widely used for data visualization. This manifold 
learning technique combines the Riemannian geometry and 
the algebraic topology for dimension reduction. In UMAP, 
the topological representation of high-dimension data series 
is established using the patches, local manifold 
approximation, and the representations of local fuzzy 
simplicial set. The layout of data representation is then 
optimized in the low dimensions with the criterion set as the 
cross-entropy between topological representations. 

The cost function of UMAP is the cross-entropy of two 
fuzzy sets which is represented by symmetric weight 
matrices. That is in which 𝑣௜௝  are symmetrized input 
affinities. The output weights are given by 

 𝐶௎ெ஺௉ = ෍ ቈ𝑣௜௝ log ቆ𝑣௜௝𝑤௜௝ቇ + ൫1 − 𝑣௜௝൯ log ቆ1 − 𝑣௜௝1 − 𝑤௜௝ቇ቉௜௝ (3)

 
in which 𝑣௜௝ are symmetrized input affinities. The output 
weights are given by 

 𝑤௜௝ = 1/൫1 + 𝑎𝑑௜௝ଶ௕൯ (4)
 

in which a and b are determined by non-linear least squares 
fit. The additional term in the cost function enables the 
UMAP to capture the global data structure compared with 
tSNE which simply simulates the local structure at 
moderate perplexity values. The unsymmetrized UMAP 
input weights are computed as 

 𝑣௝∣௜ୀୣ୶୮ൣି൫௥೔ೕିఘ೔൯/ఙ೔൧ (5)
 
 
 
 

 
Fig. 11 Data segmentation and labeling in preprocessing
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in which 𝑟௜௝ are the input distances, 𝜌௜ is the distance to 
the nearest neighbor, and 𝜎௜  is analogous to 𝛽௜  in the 
perplexity calibration in SNE. 

Compared with other manifold learning methods such as 
t-SNE, UMAP has superior advantages in global structure 
preservation, computational efficiency, and generality in di-
mension reduction. It is worth noting that manifold learning 
has been used for structural damage detection in Xu and Liu 
(2021). More details about the manifold learning method 
can be found in McInnes et al. (2018), Xu and Liu (2021), 
Cayton (2005), Talwalkar et al. (2008). 

Fig. 12(a) shows the low dimensional representation of 
cable force data collected from two example cables, i.e., 
SJS11 and SJX14. It can be observed that the cable force 
data collected from SJS11 and SJX14 before 2011 and 
SJX14 in 2011 are well clustered with considerable 
variation due to the change of exterior excitations. In 
contrast, the data from SJS11 in 2011 are clustered in a 
different pattern with all the data gathering in a very small 
region. Similar phenomenon can be observed in the low 
dimensional representation of cable force ratio in Fig. 12(b). 
The data measured from cable pair SJ11 in 2011 has a very 
different clustering pattern from other datasets. This 
significant difference in clustering pattern may indicate 
possible state transition on cable SJS11 and cable pair SJ11 
in 2011, which will be further investigated in the rest of this 
paper via TSC. 

 
3.3 LSTM-FCN model configuration 
 
As shown in Fig. 2, the LSTM-FCN model contains two 

modules for feature extrac¬tion, namely, the FCN module 
and the LSTM module. The FCN module has three 1D 
convolutional layers in the temporal convolutional blocks. 
For this case study, the kernel sizes are set as 128, 256, and 
128, respectively, for the three convolutional layers after 
trial analysis. Regarding the LSTM module, the optimal 
number of LSTM cells is determined as 8 through a 
hyperparameter search over a range of 4 cells to 128 cells. 
The dropout rate is set as high as 80% to avoid overfitting. 

The number of training epochs is set as 2000, and the 
initial batch size is set as 128. All models in this study are 
trained using the Keras library with the TensorFlow 
backend. The Adam optimizer is used in the model training 
with an initial learning rate of 0.001 and a final learning rate 
of 0.0001, which is reduced by ଵ√ଶయ  every 100 epochs if no 

 
 

improvement of the validation performance is observed. 
The strategy proposed in He et al. (2015) is used to 
initialize all convolutional kernels. The classification 
accuracy is used as the criterion for evaluating the results of 
model testing. 

 
 

4. Results and discussions 
 
As indicated in Fig. 1 for the framework of the DL-TSC 

method, an LSTM-FCN TSC model is first trained and 
validated using the intact data collected on the first 9 days 
(i.e., 2006-05-13 to 2006-05-19, 2007-12-14, 2009-05-05). 
Subsequently, the learned model is tested on the data 
collected on 2011-11-01 for decision making regarding the 
cable damage conditions. This section first presents and 
discusses the results of model testing for the two 
investigated scenarios, including the classification accuracy 
on the validation dataset prior to 2011, the classification 
accuracy on all data in 2011, and the classification accuracy 
on the data for each cable or cable pair in 2011. Finally, the 
most probable damaged cable is recommended by 
combining the testing results in the two scenarios. 

 
4.1 Scenario 1 with cable force as input 
 
Table 1 compares the testing accuracies of all datasets in 

Scenario 1. Columns 2 and 3 list the overall testing 
accuracy on the data collected on the first 9 days prior to 
2011 (i.e., 2006-05-13 to 2006-05-19, 2007-12-14, 2009-
05-05) and the last day in 2011 (i.e., 2011-11-01), 
respectively. Columns 4 to 10 list the testing accuracy on 
the data collected from each cable on 2011-11-01. The 
overall testing accuracy on the intact data (pre-2011) is 
0.79, which is not as high as expected, most probably 
because the cable force magnitude itself is not directly 
related to the cable properties or damage conditions. When 
tested on the unseen data in 2011, the model yields an 
overall accuracy of as low as 0.56. This considerable 
reduction of classification accuracy indicates that the 
learned TSC model using the intact data fails to generalize 
well on the data collected on 2011-11-01. This lack of 
generalization reflects possible variation of cables’ behavior 
pattern and thus potential damage occurrence on a certain 
cable. In detail, the testing accuracies on SJS11 and SJX10 
are both around 0.25 and considerably lower than that on 
other cables which are all above 0.50. The classification 
accuracy on the two cables with malfunctioning sensors 

 
(a) (b) 

Fig. 12 Low dimensional representation of (a) cable force; and (b) cable force ratio. pre-2011: data collected before 2011
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(i.e., SJX08 and SJX13) is not applicable. 
From this comparison of classification accuracy between 

cables, one can hypothesize that damage may have occurred 
to one or both of cables SJS11 and SJX10 before 2011-11-
01. These two cables are located very close to each other, as 
shown in Fig. 3. Hence, it is challenging to determine 
whether one of them has been damaged or both of them 
since damage on a certain cable can significantly affect the 
behavior of adjacent cables. It is even more difficult to 
determine which one of these two cables is more probably 
damaged, especially considering that their testing 
accuracies are very close. Considering the insufficient 
overall classification accuracy (i.e., 0.79 for pre-2011 data 
and 0.56 for overall-2011), further investigation is 
necessary before the final decision can be made. 

 
4.2 Scenario 2 with cable force ratio as input 
 
The testing results on all datasets in Scenario 2 are 

compared in Table 2. The overall accuracy on data collected 
prior to 2011 is 0.96, which is much higher than that in 
Scenario 1 (i.e., 0.79). This significant increase in testing 
accuracy approves that the cable force ratio is an enhanced 
representation of the cable properties and conditions 
compared with the cable force. Additionally, the overall 
testing accuracy on data collected in 2011 is also increased 
from 0.56 to 0.75, which indicates that the learned model 

 
 

 

 
 

from intact data has improved generality on new data. Still, 
the reduced testing accuracy from 0.96 for pre-2011 data to 
0.75 for overall-2011 data indicates possible change of 
cables’ behavior pattern. 

Inspecting the testing results on each cable pair, one can 
find that the accuracies are all above 0.90 except that on 
SJ11 (i.e., 0.02). This large difference in classification 
accuracy leads to a confident recommendation that damage 
should have occurred to one or both cables in the cable pair 
SJ11. Additionally, the high testing accuracies (above 0.90) 
on intact cable pairs (all except SJ11) further verify the 
improved generality of the trained model using intact data 
compared with that in Scenario 1. The cable pairs with 
malfunctioning sensors are excluded from this evaluation. 
Subsequently, the final decision regarding the most 
probable damaged cable will be made via combining the 
findings in both scenarios. 

 
4.3 Decision making on the most probable 

damaged cable 
 
Considering that the findings in Scenario 1 and Scenario 

2 are not independent but complementary for decision 
making, this study combines the results from these two 
scenarios synergistically to determine the most probable 
damaged cable. Fig. 13 compares the testing accuracies of 
each cable or cable pair in the two scenarios. The data 

 

Table 1 Testing accuracies on different datasets in Scenario 1 
Dataset Pre-2011 Overall-2011 SJS08 SJS09 SJS10 SJS11 SJS12 SJS13 SJS14

Accuracy 0.79 0.56 0.53 0.69 0.59 0.28 0.65 0.89 0.55 
Dataset - - SJX08 SJX09 SJX10 SJX11 SJX12 SJX13 SJX14

Accuracy - - - 0.83 0.25 0.60 0.61 - 0.60 
 

*Pre-2011: data collected before 2011; Overall-2011: all data in 2011

Table 2 Testing accuracies on different datasets in Scenario 2 
Dataset Pre-2011 Overall-2011 SJS08 SJS09 SJS10 SJS11 SJS12 SJS13 SJS14

Accuracy 0.96 0.75 - 0.94 0.95 0.02 .94 - 0.91 
 

*Pre-2011: data collected before 2011; Overall-2011: all data in 2011

Fig. 13 Comparison of testing accuracies in Scenario 1 and Scenario 2. The testing results on data collected on 
2011-11-01 is used in this plot. The curves with legends “upriver” and “downriver” are plotted using the 
results of Scenario 1, and the curve with “cable pair” is plotted using the results of Scenario 2 
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collected on 2011-11-01 is used for this comparison, and the 
cables or cable pairs with malfunctioning sensors are 
excluded. Testing results in Scenario 1 indicate possible 
damage among cable SJS11 and SJX10 based on their 
respective low testing accuracy. Results in Scenario 2 
recommend potential damage among the two cables (SJS11 
and SJX11) in the cable pair SJ11, which has more 
confidence level due to the improved model generality and 
larger difference in testing accuracy. Therefore, combining 
the results in these two scenarios, the most probable 
damaged cable can be determined as SJS11. This 
conclusion has been verified by the organizing committee 
of the IPC-SHM 2020, and it is consistent with the results 
in Li et al. (2018), which detected damage on the same 
cable pair but failed to identify the exact damaged cable. 

 
 

5. Conclusions 
 
Stay cables are the most critical component on a cable-

stayed bridge. They are susceptible to fatigue and corrosion 
damage that may lead to the failure of cables and even the 
whole bridge. Therefore, early detection of cable damage 
has critical importance for bridge safety. To this end, this 
study proposes detecting cable damage from collected cable 
force data through time series classification (TSC) using the 
deep learning (DL) framework. The LSTM-FCN model is 
used in this DL-TSC method because of its merits over 
other TSC models. A TSC classifier is first trained and 
validated using the data (cable force in Scenario 1 and cable 
force ratio in Scenario 2) collected under intact conditions. 
When tested on the new data with possible damage, the 
learned classifier yields the least classification accuracy on 
the time series data collected from the most probable 
damaged cable or cable pair. Combining the results of the 
two scenarios, the most probable damaged cable can be 
identified. An experimental case study using measured data 
from a large-span cable-stayed bridge is implemented to 
validate the proposed methodology. Results have proved 
that the correct damaged cable can be successfully 
identified using the proposed DL-TSC method. Compared 
with the methods in the literature, the DL-TSC method 
requires the least work of data preprocessing and feature 
engineering, which enables fast and convenient early de-
tection and warning in real applications. It is worth noting 
that the DL-TSC method has the potential of detecting 
damage on other types of structures, which will be 
investigated in future studies. 
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