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1. Introduction 

 
The importance of structural health monitoring (SHM) 

is continuously increasing to ensure the safety and 
durability of large infrastructure such as tunnels, bridges, 
and plants. One of key factors in the SHM is to identify any 
damage correctly and quickly within structures for the 
purpose of preventing the catastrophic collapses and failure 
of infrastructure requiring considerable socio-economic 
losses. Cable-stayed bridges among various infrastructure 
are quite expensive and would be easily deteriorated 
because they are generally located in marine environments. 
Stayed cable is the most important element of the cable-
stayed bridge and significantly influences structural 
integrity as it directly transmits the load of the bridge deck 
to the pylons. A small damage of stayed-cables may 
generate significant deterioration of overall bridge systems 
by losing the load-carrying capacity of bridges (Jo et al. 
2011). 

Many researchers have more attention to SHM techniques 
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for evaluating structural status via statistical modeling and 
machine learning, such as clustering. Recently, several 
studies to detect structure damages in statistical modeling 
were performed by extracting Damage Sensitive Features 
(DSFs) from time-series data. Models such as 
Autoregressive Moving Average Model (ARMA), which 
are time series models, and AutoRegressive Moving 
Average models with eXogenous inputs (ARMAX), were 
employed to calculate the DSFs from time-series data. Nair 
et al. (2006) modeled the vibration signal of the ASCE 
benchmark structure using ARMA. They defined the DSF 
utilizing three AR coefficients in the ARMA model. The 
DSF average of the damaged vibration data is significantly 
different from one of the healthy operating structures. Yu 
and Lin (2017) calculated the residuals of the time-series 
model with the ARMA model and define the DSF as the 
ratio of the residual. Structure damage tests with the DSF 
were carried out employing a three-story building structure. 
If the DSF value obtained from the structure channels is 
greater than 1, it is determined that the channel is damaged. 
As a result of the experiment, the DFS value increases as 
the nonlinear damage severity increases. Entezami et al. 
(2020) extracted features in the data collected from sensors 
attached to a cable-stayed bridge with an ARMA model. 
The extracted features have been used in the Partition-based 
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Abstract.  The cable component of cable-stayed bridges is gradually impacted by weather conditions, vehicle loads, and 
material corrosion. The stayed cable is a critical load-carrying part that closely affects the operational stability of a cable-stayed 
bridge. Damaged cables might lead to the bridge collapse due to their tension capacity reduction. Thus, it is necessary to develop 
structural health monitoring (SHM) techniques that accurately identify damaged cables. In this work, a combinational 
identification method of three efficient techniques, including statistical analysis, clustering, and neural network models, is 
proposed to detect the damaged cable in a cable-stayed bridge. The measured dataset from the bridge was initially preprocessed 
to remove the outlier channels. Then, the theory and application of each technique for damage detection were introduced. In 
general, the statistical approach extracts the parameters representing the damage within time series, and the clustering approach 
identifies the outliers from the data signals as damaged members, while the deep learning approach uses the nonlinear data 
dependencies in SHM for the training model. The performance of these approaches in classifying the damaged cable was 
assessed, and the combinational identification method was obtained using the voting ensemble. Finally, the combination method 
was compared with an existing outlier detection algorithm, support vector machines (SVM). The results demonstrate that the 
proposed method is robust and provides higher accuracy for the damaged cable detection in the cable-stayed bridge. 
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Kullback-Leibler Divergence (PKLD) and the nearest 
neighbor (NN) rule (PKLD-NN) method. They judged that 
the element of the bridge is damaged when the distance 
value obtained by the PKLD-NN is higher than the 
threshold. Mei and Gül (2015) define the DFS using 
ARMAX to identify structural stiffness and mass changes. 
The variables used in the DFS definition are the coefficients 
in the ARMAX model. They assumed that any damage to a 
part of the structure would affect the surroundings as well. 
The changes in stiffness and mass were discovered, and the 
degree was depicted in the DFS value. Catbas et al. (2012) 
estimated the effect of the damaged structure with cross-
correlation. They detected outliers using cross-correlation 
of sensor data collected from the bridge. The cross-
correlation between the sensors was calculated, and a mean 
correlation matrix was generated. They identified the 
structural damage by the difference matrix representing the 
difference between the mean correlation matrices of the 
normal and damaged structures. 

In addition to defining the DFS from the data, there are 
techniques for separating seasonal and trend fluctuations to 
analyze time-series data. Seasonal and Trend decomposition 
using Loess (STL), one of the statistical models for 
analyzing time-series data, explains the trend fluctuations 
representing long-term changes from time-series data and 
seasonal fluctuations that change periodically. The STL 
model has been applied to detect events or outliers in social 
media. Chae et al. (2013) extracted the topics of abnormal 
events from social media and then decomposed the topic 
volumes using the STL model. Lee and Kim (2018) 
predicted the data after a specific time point t with the 
SARIMA model from time-series data, calculated the 
difference between the actual value and the predicted value, 
and then perform the STL decomposition. Finally, they 
extracted the remainder data by removing the trend 
component and the seasonal component from the time-
series data to identify the outliers and intervals where 
anomalies occur. 

Various clustering techniques have been proposed to 
identify outliers in machine learning. Zhang et al. (2010) 
presented a classification and comparison table for the 
methodology to estimate outliers in wireless sensor 
networks. They reported statistical techniques, nearest-
neighbor-based approaches, clustering methods, 
classification methods, and spectral decomposition-based 
approaches for estimating outliers. Among them, the 
clustering methods do not require any prior knowledge of 
the data distribution. However, it is not easy to select 
appropriate parameters, and it is pointed out that it is 
expensive to calculate the distances between data records in 
multivariate data. Duan et al. (2019) provided a new 
definition of outliers as the process of detecting data records 
that are significantly different or inconsistent with the rest 
of the dataset. Besides, they noticed that not only single 
data but also one cluster could be an outlier. Jiang and An 
(2008) reported a clustering-based outlier detection method. 
They explained that outlier detection aims to discover rare 
and very exceptional data compared to other data. They also 
described how to create a dataset grouped by a clustering 
algorithm and determine outlier clusters from the created 

data. Pamula et al. (2011) utilized the K-means clustering to 
discover outliers. Since the data records near the center of 
each cluster cannot be outliers, they removed these data 
records from the cluster and calculate the outlier scores 
based on the distance. They indicated the data record with 
the highest score as an outlier. Alamdari et al. (2017) 
presented a new approach to detecting outliers, such as 
structural damage and system problems in a large 
infrastructure that is continuously monitored. They applied 
a spectral-based technique based on the measured spectral 
moment (SM) to identify ordinary and damaged signals. 
After that, the modified k-means clustering algorithm was 
applied to the data to detect an abnormal response. Diez et 
al. (2016) presented a clustering-based technique for 
substructures or joints with similar bridge motions. They 
performed a combination of feature extraction and outlier 
removal and then cluster the data to classify damaged joints. 

Deep learning models are devised for training complex 
nonlinear correlations within datasets. When sufficient data 
is available for the network training, the deep learning 
models perform best in various tasks such as nonlinear 
feature extraction, classification, regression, and anomaly 
detection. Deep learning has been widely applied to detect 
structural damages. Pathirage et al. (2018) trained a deep 
autoencoder (DAE) to predict the steel frame structure state 
with modal information such as frequencies and mode 
shapes. They generated training data with an updated finite 
element model and apply supervised learning to predict the 
stiffness parameters representing the impairment state. They 
showed that the proposed method enables efficient 
dimension reduction and accurate damage prediction. Gu et 
al. (2017) proposed a multilayer artificial neural network 
(ANN) that detects structural damages through 
unsupervised learning. To eliminate the effect of 
temperature on fluctuations in frequencies, they utilized the 
frequencies and temperature data into the ANN input data. 
Target data had the same frequencies as the input data, and 
they calculated the Euclidean distance between the ANN 
output and the target data for the anomaly detection. The 
ANN was trained only with data extracted from the 
undamaged structure. Therefore, when the Euclidean 
distance increases, it is possible to distinguish data from the 
damaged structure. Since this work has no ground truth 
data, the structural damages can only be detected through 
unsupervised learning, like a deep learning model for 
outlier detection. 

Outlier detection in time-series data is also possible 
using deep learning models. Malhotra et al. (2016) 
proposed a Long Short-Term Memory Networks based 
Encoder-Decoder architecture for Anomaly Detection 
(EncDec-AD) that detects anomalies in multi-sensor time-
series such as data collected from sensors mounted on 
mechanical devices. EncDec-AD was trained to reconstruct 
target sequence data identical to the input sequence data. 
Since they train the EncDec-AD with a 'normal' time-series 
that do not contain outliers, they detected sections with high 
reconstruction errors as anomalous sequences. However, 
they only detected when an outlier occurs but do not 
identify which sensor causes the outlier. Zhang et al. (2019) 
proposed a Multi-Scale Convolutional Recurrent Encoder-

18



 
Damaged cable detection with statistical analysis, clustering, and deep learning models 

Decoder (MSCRED) that diagnoses outliers in multivariate 
time-series data. They created a signature matrix 
representing the inter-correlations of two time-series pairs 
as input data for MSCRED. MSCRED consists of a 
convolutional encoder that captures a spatial pattern of 
signature matrices, an attention-based convolutional LSTM 
(Xingjian et al. 2015) that catches temporal dependencies, 
and a convolutional decoder that reconstructs the same 
signature matrix as the input data. The trained MSCRED 
detects in which time steps it contains outliers. Given the 
detection results, they ranked the anomaly scores of each 
time series using the prediction error. Furthermore, they 
identified specific ranking series as sensors causing outliers. 
As presented in Malhotra et al. (2016) and Zhang et al. 
(2019), in this work, a deep learning model was trained to 
classify damaged cables by identifying data with high 
prediction errors as outliers. 

In this paper, three different methodologies are applied 
to detect the damaged cable and compare the results to 
confirm the actual damaged cable. Fig. 1 illustrates the 
proposed modeling process with time-series analysis, time-
series clustering, and deep learning. The data provided by 
the International Project Competition for Structural Health 
Monitoring (Bao et al. 2021) are utilized, and various 
models and visualization techniques are implemented to 
validate that proposed methods are appropriate. Finally, the 
stay cable named SJS11 is determined as the damaged 
cable. 

 

Fig. 1 Proposed modeling process for the damaged cable 
identification in the cable-stayed bridge 

 
 

2. Data description and data preprocessing 
 
This study utilizes the data provided by the International 

Project Competition for Structural Health Monitoring (Bao 
et al. 2021). Cable tension was monitored at a double tower 
and double cable-plane cable-stayed bridge in China. This 
cable-stayed bridge consists of 168 cables, and each cable is 
given a name according to the rules. The cables are 
numbered as 1-21 toward the direction of the bank and river 
from the tower. N or S is assigned depending on whether it 
is North or South side, and A or J is assigned according to 
whether it is on the bank or river side. Moreover, S or X is 
assigned according to whether it is up or downstream. The 
tension data were collected from the 14 cables, SJS08 to 
SJS14 and SJX08 to SJX14. The data were captured for ten 
days, from 2006-05-13 to 2006-05-19, 2007-12-14, 2009-
05-05, and 2011-11-01. The data sampling frequency was 2 
Hz, and 172,800 tension data records were stored per day 
from one cable. One of 14 cables was known as damaged in 
2011. In this study, the damaged cable is identified based on 
the measurement dataset using the three approaches 
mentioned in the introduction. 

Fig. 2 shows the tension of 14 cables for 10 considered 
days. As seen in the figure, there are outliers every hour in 
the SJS13 data between 2007 and 2011. The outliers in 
SJS13 occurred exactly every 3,600 seconds. Therefore, the 
outliers of SJS13 are considered as generated by other 
causes such as data communication, not cable damage, and 
these outliers are removed using the interquartile range 
(IQR), the difference between first quartile Q1 and third 
quartile Q3. The data records smaller than Q1-1.5 × IQR or 
above Q3 + 1.5 × IQR are judged as outliers. Furthermore, 
the deleted values are substituted by linear interpolation. 
Given two coordinates, ሺxଵ, xଶሻ and ሺyଵ, yଶሻ, the linear 
interpolation constructs new data using the following linear 
polynomial. 

 
 
 

Fig. 2 Tension data for 10 days
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𝑦 ൌ 𝑦ଵ ൅ ሺ𝑥 െ 𝑥ଵሻ 𝑦ଶ െ 𝑦ଵ𝑥ଶ െ 𝑥ଵ (1)

 
It is possible to interpolate the deleted values with two 

points. However, since the first data record on 2007-12-14 
is identified as an outlier, and only one point is given, there 
is a part that is not interpolated. Therefore, the first 90 
samples and the last 90 samples for each of the 14 days data 
must be removed. Consequently, there are 172,620 tension 
data samples included in each day after the preprocessing. 

Since the cable tension data is affected by sensor error, 
external load, environmental effect, and zero-shift of 
sensors, Li et al. (2018) decomposed the raw tension 𝑇௧ as 
follows. 𝑇௧ ൌ 𝑇஽ ൅ 𝑇ா ൅ 𝑇௏ ൅ 𝑇ோ, 

 
where, 𝑇஽,  𝑇ா, and 𝑇௏ are factors of tension affected by 
dead load, environmental effect, and vehicles, respectively, 
and 𝑇ோ is negligible noise. Tian et al. (2020) calculated the 
temperature effect and detrend the tension data by applying 
the moving average. They subtracted the temperature effect 
from the original data and extract only the data that is 
affected by the vehicle load. Similarly, after removing 
outliers from the cable data, the moving average, one of the 
Low Pass Filters, is applied to obtain the data without the 
effects of sensor fault and external load. Therefore, it is 
possible to capture tension changes affected by the vehicle 
influence only. The sensor errors and damage conditions are 
identified by discovering outliers for cables with patterns 
different from intact cables. 𝑇௏ is utilized to discover the cable where the sensor 
error occurred. This study assumes that if an error occurs in 
the cable sensor, the decomposed 𝑇௏ will appear as an 
outlier. Fig. 3(a) shows the decomposed 𝑇௏ after applying 
a low pass filter to the data on November 1, 2011. It is 
observed that 𝑇௏values of most cables are distributed 
between -50 kN and 300 kN. However, as shown in Fig. 
3(b), the 𝑇௏ values of SJS13 are distributed between -50 
kN and 50 kN in 2007, 2009, and 2011. Fig. 3(c) presents 

 
 

that the 𝑇௏ of SJX08 is distributed between -0.5 kN and 1 
kN in 2011, and Fig. 3(d) reveals that although the 𝑇௏ of 
SJX13 goes up to 20 kN around 11:30 pm on November 11, 
2011, most 𝑇௏ values are distributed between -0.5 kN and 
1 kN, similar to ones of SJX08. From these figures, it is 
found that the cable tension data of SJS13 has different 
signal patterns from one of the other cables. Moreover, the 
cable tensions of SJX08 and SJX13 have small values and 
value changes compared to other cables. Therefore, SJS13, 
SJX08, and SJX13 are classified as outliers where sensor 
errors occurred in the cables, and the cables SJX08, SJS13, 
and SJX13 with sensor failure are excluded in the further 
abnormal cable detection models. 

 
 

3. Methodology 1: Time series analysis approach 
 
3.1 STL model 
 
The Seasonal and Trend decomposition using Loess 

(STL) model is a technique for decomposing time-series 
data into trend, seasonality, and remainder (Cleveland et al. 
1990). The STL has the characteristic of making robust sub-
series because it is suitable for outlier processing. Since the 
STL treats the decomposition results of neighboring time 
points independently, it does not limit the seasonality 
pattern to have a specific form, allowing the STL to 
decompose time series data using various frequency sets, 
such as day, months, or quarters (Theodosiou 2011). The 
STL is achieved through local regression (LOESS) 
smoothing. The LOESS indicates the local regression about 
a point. The STL consists of two loops. Robustness weights 
are obtained in the outer loop, whereas the trend and 
seasonal components are repeatedly updated in the inner 
loop. The trend component indicates how the time series 
data increases or decreases in the long run. The seasonal 
component refers to repeated patterns with a specific period 
in time-series data. The remainder is a component after 
removing the trend and seasonal components from time- 

 
 

Fig. 3 LPF passed tension data
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Fig. 4 Decomposition plot of SJS08 on 2006-05-13
 
 
series data. Cleveland et al. (1990) remarked that the 

frequency of an appropriate seasonal component in STL 
depends on the series characteristics. The tension data are 
divided into segments representing single-vehicle-induced 
tension as proposed in the study by Li et al. (2018). The 
average time for one vehicle to cross the bridge is about 
25.04 seconds. Therefore, 30 seconds is enough time for the 
vehicle to pass, and the seasonal frequency is set to 60. The 
statsmodels library in python is utilized to decompose the 
seasonality. When using the library, the sequence 
periodicity is set to 60, and default values are applied for 
the remaining parameters. Fig. 4 shows the STL 
decomposition for the tension data of SJS08 for 9 minutes 
on May 13, 2006. The figure presents the original, trend, 
seasonal, and remainder signals from top to bottom. The 
trend component shows that the tension of SJS08 becomes 
smoothed compared to the raw data. The seasonal 
component represents the pattern of the tension value for 
SJS08 every 30 seconds. 

 
3.2 Damaged cable extraction using STL model 
 
In this section, the original time-series data is 

decomposed using the STL decomposition, and the 
damaged cable is identified by examining the cross-
correlations of the decomposed tension values. The data is 
preprocessed, as mentioned in the above section. After 
applying the STL decomposition to 11 cable data that do not 
have any sensor errors, the cross-correlation is computed 
between cables with the remainder data from which the 
trend component and the seasonal component are removed. 

The cross-correlation is calculated as follows. 
 
 

 

ሺ𝑓 ∗ 𝑔ሻሾ𝑛ሿ 𝑑𝑒𝑓ൌ ෍ 𝑓∗ஶ
௠ୀିஶ ሾ𝑚ሿ𝑔ሾ𝑚 ൅ 𝑛ሿ (2)

 
where, f and g denote time series data. As f and g are 

similar, the cross-correlation value increases. It is assumed 
that the average cross-correlation value between the 
damaged cable and its neighbor cables differs from one 
between the normal cable and its neighbor cables. Fig. 5 
shows the average cross-correlation between one cable and 
other cables located on both sides and the opposite side of 
this cable. The cross-correlation is calculated with all cables 
except for the cable with sensor faults. The average cross-
correlation of SJS14 must be the average of cross-
correlation with the adjacent cable SJS13 and cross-
correlation with the opposite cable SJX14. However, since 
SJS13 has a sensor fault, the cross-correlation for SJS14 is 
only calculated between SJS14 and SJX14. Similarly, the 
cross-correlation of SJX14 is computed between SJX14 and 
SJS14 since SJX13 has a sensor fault. Therefore, in Fig. 5, 
the SJX14 graph overlaps the SJS14 graph, which means 
one of them is not visible because the cross-correlation of 
SJS14 is the same as one of SJX14. The average cross-
correlation values significantly increase for all 11 cables 
between May 5, 2009, and November 1, 2011. The average 
cross-correlation increases from 2007 because the max of 
the remainder is larger than in 2006. The max of the 
remainder in 2006 is 100 kN. However, the max of the 
remainder in 2007 and 2009 becomes 150 kN, and the max 
of the remainder in 2011 is 200 kN. When calculating the 
cross-correlation between two-time series in Eq. (2), the 
cross-correlation increases as the values of the time series 
data increase. The average increase rate of 11 cables is 
99.54%, of which the average cross-correlation increase 
rate of SJS11 is the lowest at 34.11%. Therefore, the cable 
SJS11 is judged as the damaged cable since it has the 
smallest increase in cross-correlation. When SJS11 was 
damaged in 2011, the correlation with undamaged cables, 
SJS10, SJS12, and SJX11, is low, and since the correlation 
is low, the increase rate of the average cross-correlation for 
SJS11 is lower than the ones for other cables. An additional 
experiment was performed to identify damaged cables by 
changing the seasonal frequency for STL decomposition 
under the same conditions. Table 1 shows the average cross-
correlation change from May 5, 2009, to November 1, 2011, 
by changing the seasonal frequency. As shown in the table, 
the cross-correlation change of SJS11 is the smallest 
regardless of the seasonal frequency. 

 
 
 

Fig. 5 Mean cross-correlation
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Table 1 Effect of seasonality frequency on average cross-
correlation change between May 5, 2009, and 
November 1, 2011 

 
Seasonal frequency 

50 60 120 180 240 
SJS08 108.60 115.92 110.73 107.41 108.78
SJS09 111.24 117.87 114.13 111.39 113.46
SJS10 110.16 115.21 111.03 109.03 111.10
SJS11 31.80 34.11 31.98 31.46 32.42 
SJS12 68.74 71.20 69.03 68.36 69.11 
SJS14 112.57 114.84 116.04 112.54 112.65
SJX09 113.75 119.71 117.35 115.21 117.95
SJX10 112.88 116.95 115.80 115.80 116.00
SJX11 59.29 61.12 62.21 63.43 63.99 
SJX12 110.61 113.14 112.61 114.43 113.23
SJX14 112.57 114.84 116.04 112.54 112.65

 

 
 

Fig. 6 Comparison of DTW and Euclidean distance 
calculation methods 

 
 

4. Methodology 2: Time series clustering 
 
4.1 Clustering 
 
Clustering refers to the process of grouping similar data 

and dividing the data into n groups. The degree of similarity 
is measured with the distance between data records, and the 

 
 

distance calculation techniques include Euclidean distance 
and Dynamic Time Warping (DTW) distance. The 
Euclidean distance is computed as follows. 

 𝐴𝐵തതതത ൌ ඥሺ𝑥ଶ െ 𝑥ଵሻଶ ൅ ሺ𝑦ଶ െ 𝑦ଵሻଶ. (3)
 

where x and y are the coordinates of each data point. 
However, if the time step of time-series data is changed, the 
Euclidean distance may change as well, which indicates that 
the Euclidean distance may not be suitable for the clustering 
of time-series data whose time step might be changed. The 
DTW distance is utilized to compute the similarity between 
time-series data by checking whether the current data flow 
matches the past data flow. The DTW distance is calculated 
as follows. 

 𝐷𝑇𝑊ሺ𝑥, 𝑦ሻ ൌ minగ ඨ෍ 𝑑ሺ𝑥௜, 𝑦௜ሻଶሺ௜,௝ሻ∈గ  (4)

 
Here, x and y are time-series data, d is the distance 

between x and y, and π is a path that minimizes the 
Euclidean distance between time-series data. That is, the 
value of x is compared with the value of y, and the closest 
point is selected. In this way, the distance calculation makes 
it possible to measure the distance between two data whose 
time, speed, and length are not correctly aligned, as shown 
in Fig. 6. 

K-means Time Series Clustering is a method of 
clustering Time Series Data using K-means. K-means is a 
grouping method by having one central point for each group 
and assigning data to the nearest center point as follows. 

 arg minௌ 𝐷𝑇𝑊௞ሺ𝑥, 𝑦ሻ, (5)
 

where S is a set of similar data, and k is the number of sets. 
The distance between two points in the time series data is 
calculated with Eq. (4). The goal is to find a set S that 
minimizes the DTW distance for each set. K-means 
clustering repeats the Expectation step to allocate data to 
 
 

 

 
Fig. 7 Moving average (window = 14400) and average graph of SJS11 and SJX11 tension data in 2009 and 2011
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the nearest center point and the Maximization step to update 
the center point to match the boundary of the group. 

 
4.2 Tension ratio clustering 
 
When the cable is damaged, the tension applied to the 

damaged side decreases. Accordingly, the reduced tension 
affects the opposite side of the cable, which is expected to 
increase the tension. Fig. 7 shows the average and moving 
average graphs of the tension data in 2009 and 2011 for 
SJS11 and SJX11f among the preprocessed data through the 
low pass filter. The average tension for SJS11 decreased 
from 9.82 kN in 2009 to 9.12 kN in 2011, and the average 
tension for SJX11 increased from 9.54 kN in 2009 to 14.24 
kN in 2011, which infers that the damaged cable affects the 
opposite cable. Therefore, if the tension ratio of the 
damaged cable and the opposite cable is calculated, it is 
expected that the damaged cable will show a significant 
difference compared to other cables. In this study, the 
tension ratio of one cable and the opposite cable is 
calculated from the preprocessed data through the low pass 
filter for clustering. Since SJX08 and SJX13 were excluded  

 
 
 

Table 2 Tension ratio clustering results 

 n = 2 n = 3 

Cluster 1 SJ*09 (2007 ~ 2011) 
SJ*11 (2011) SJ*09 (2007 ~ 2011) 

Cluster 2 All other cables SJ*11 (2011) 
Cluster 3 - All other cables 

 

 
 

from the preprocessing, it is impossible to obtain the tension 
ratio for SJS08 and SJS13. Therefore, the tension ratios are 
computed for the cables SJ*09, SJ*10, SJ*11, SJ*12, and 
SJ*14. Note that SJ* indicates both SJS and SJX. The 
tension ratio is computed by dividing the upstream side 
cable (SJS) by the downstream side cable (SJX). 

The DTW is utilized as the clustering distance 
calculation method. However, since the DTW calculates all 
the distance combinations of (𝑥௜, 𝑦௜ ), it requires a vast 
amount of memory, which is the square of the data size. 
Therefore, the average technique is applied to reduce the 
size of the training data. Since the data shape is 172,620, the 
average of every 432 data, which is a factor of 172,620, is 
taken and then, the shape is reduced to 400 in total. 

Table 2 presents the clustering results using the tension 
ratio. For n = 2 and 3, the cables SJ*09 in 2007-2011 and 
the cables SJ*11 in 2011 are classified into clusters 
differently from other cables. Therefore, it is inferred that 
SJS09 or SJX09 has been damaged since 2007, or SJS11 or 
SJX11 had been damaged in 2011. Table 3 shows the DTW 
distance between the cluster center and each tension ratio 
data. In each cell, the DTW distance for n = 2 and the DTW 
distance for n = 3 are separated by “/”. In Cluster 3, since 
there is no cable classified when n = 2, it is marked with 
“*”. The light blue indicates clusters when n = 2, and the 
green indicates clusters when n = 3. For example, on 2011-
11-01, when n = 2, SJS11 is classified as Cluster 1 because 
the DTW distance between the center of Cluster 1 and 
tension ratio data of SJS11 is 12, and the DTW distance 
between the center of Cluster 2 and tension ratio data of 
SJS11 is 47. Also, when n = 3, SJS11 is classified as Cluster 

 
 

Table 3 DTW distance between each cluster center and tension ratio data 
DTW Distance between Cluster 1 and tension ratio data (n = 2/n = 3) 

 2006-05-13 2006-05-14 2006-05-15 2006-05-16 2006-05-17 2006-05-18 2006-05-19 2007-12-14 2009-05-05 2011-11-01
SJ*09 68 / 58 68 / 58 68 / 58 69 / 58 68 / 58 68 / 58 68 / 57 6 / 1 6 / 1 37 / 0 
SJ*10 70 / 59 70 / 59 69 / 59 70 / 59 69 / 59 70 / 59 69 / 59 59 / 48 52 / 41 54 / 44 
SJ*11 97 / 87 97 / 87 97 / 87 98 / 88 97 / 87 97 / 87 97 / 86 74 / 64 67 / 57 12 / 62 
SJ*12 64 / 54 64 / 53 63 / 52 63 / 53 62 / 52 63 / 52 63 / 52 60 / 49 54 / 43 55 / 45 
SJ*14 82 / 72 82 / 72 81 / 70 80 / 70 78 / 67 69 / 57 88 / 77 90 / 80 73 / 63 48 / 37 

DTW Distance between Cluster 2 and tension ratio data (n = 2/n = 3) 
 2006-05-13 2006-05-14 2006-05-15 2006-05-16 2006-05-17 2006-05-18 2006-05-19 2007-12-14 2009-05-05 2011-11-01

SJ*09 1 / 119 1 / 119 1 / 119 1 / 119 1 / 120 1 / 119 2 / 118 60 / 52 62 / 50 118 / 54
SJ*10 1 / 121 2 / 120 2 / 120 1 / 121 1 / 120 1 / 121 2 / 120 8 / 110 11 / 103 9 / 105 
SJ*11 11 / 148 11 / 148 10 / 148 10 / 149 11 / 149 11 / 148 10 / 147 1 / 125 2 / 119 47 / 2 
SJ*12 4 / 115 4 / 114 3 / 113 3 / 114 3 / 114 4 / 113 5 / 113 6 / 111 10 / 105 8 / 106 
SJ*14 3 / 133 3 / 133 2 / 132 2 / 131 1 / 129 1 / 120 5 / 138 8 / 142 1 / 124 13 / 99 

DTW Distance between Cluster 3 and tension ratio data (n = 2/n = 3) 
 2006-05-13 2006-05-14 2006-05-15 2006-05-16 2006-05-17 2006-05-18 2006-05-19 2007-12-14 2009-05-05 2011-11-01

SJ*09 * / 1 * / 1 * / 1 * / 1 * / 1 * / 1 * / 2 * / 60 * / 62 * / 118 
SJ*10 * / 1 * / 2 * / 2 * / 1 * / 1 * / 2 * / 2 * / 8 * / 11 * / 9 
SJ*11 * / 11 * / 11 * / 10 * / 11 * / 11 * / 10 * / 10 * / 1 * / 2 * / 47 
SJ*12 * / 4 * / 4 * / 3 * / 3 * / 3 * / 4 * / 5 * / 6 * / 10 * / 8 
SJ*14 * / 3 * / 3 * / 2 * / 2 * / 1 * / 2 * / 7 * / 7 * / 1 * / 13 
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Table 4 Preprocessing clustering results 

 n = 2 n = 3 

Cluster 1 

SJS08 (2007) 
SJS11 (2011) 

SJS13 (2007, 2011) 
SJX10 (2007, 2011) 

SJS11 (2011) 
SJS13 (2009, 2011)
SJX10 (2007, 2011)

 

Cluster 2 All other cables 

SJS08 (2007) 
SJS09 (2007) 
SJS12 (2009) 
SJX10 (2009) 

Cluster 3 - All other cables 
 

 
 

2 because the DTW distance with Cluster 1, Cluster 2, and 
Cluster 3 are 62, 2, and 47, respectively. 

 
4.3 Cable clustering 
 
The cables are clustered using the preprocessed data 

after the low pass filter to determine the damaged cable 
among the damaged cable candidates obtained in Section 
4.2, as presented in Table 2. Like the tension ratio training, 
the model is trained with the DTW. Since every 432 data 
are averaged out, the data shape is reduced to 400. 

Table 4 shows the clustering results with the 
preprocessed data. From the tension ratio clustering, it is 
noticed that there are damaged cables in 2007-2011. 
Therefore, the table shows only cables classified into 
different clusters in 2007-2011. For n = 2, SJS08, SJS13, 
SJX10 in 2007, and SJS11, SJS13, SJX10 in 2011 are 
grouped into one cluster. For n = 3, SJX10 in 2007, SJS13 
in 2009, SJS11, SJS13, and SJX10 in 2011 are clustered 
together, and SJS08, SJS09 in 2007, and SJS12 and SJX10 
in 2009 are grouped into one cluster. Table 5 shows the 
DTW distance between the cluster center and each cable 
tension data while clustering each cable tension data. 
Following the results in Table 4, the DTW distances of 
2007-2011 data are presented. 

 
 

 

Fig. 8 Encoder-decoder structure
 
 
From the results in Tables 2 and 4, the cables SJX09 and 

SJX11 are intact cables because they are not grouped into 
different clusters in Table 4. The cable SJS09 is classified 
into a different cluster in 2007 for n = 3, but it is not 
classified into a different cluster in 2009 and 2011, which 
confirms that it is an intact cable. For both n = 2 and 3, the 
cable SJS11 is classified into different clusters in 2011, 
which indicates that the cable SJS11 was damaged in 2011. 

 
 

5. Methodology 3: Deep learning approach 
 
5.1 Long short-term memory networks based 

encoder-decoder scheme for anomaly 
detection 

 
Long Short-Term Memory (LSTM) networks (Hochreiter 
and Schmidhuber 1997) are recurrent neural networks 
(RNNs) that are widely adopted for time-series data training 
by catching complex temporal correlations through 
adjusting the information flow of sequence data. Sutskever 
et al. (2014) propose an Encoder-Decoder network 
composed of LSTM layers and shows that the long-term 
dependency can be trained. Fig. 8 shows the Encoder-
Decoder structure. 

The input data is a time-series with length L, X ൌ൛𝐱ሺଵሻ, 𝐱ሺଶሻ, … , 𝐱ሺ୐ሻൟ and 𝐱ሺ୧ሻ is a m-dimensional vector. 
When X is applied to the encoder, the hidden state of 

 
 

Table 5 DTW distance between each cluster center and tension data 
DTW Distance between Cluster 1 and tension ratio data (n = 2/n = 3) 

 SJS08 SJS09 SJS10 SJS11 SJS12 SJS13 SJS14 SJX09 SJX10 SJX11 SJX12 SJX14
2007-12-14 1001 / 1495 1259 / 1420 1293 / 1502 1319 / 1484 1832 / 2129 1268 / 1364 1548 / 1753 1494/ 1698 901 / 717 1400 / 1601 1508 / 1740 1823 / 2005

2009-05-05 1443 / 1109 1455 / 1304 1486 / 1418 1490 / 1372 1700 / 1940 1814 / 1233 1507 / 1597 1415 / 1477 1691 / 1894 1439 / 1407 1430 / 1535 1558 / 1733

2011-11-01 1555 / 1832 1949 / 2340 2093 / 2478 1185 / 1182 2883 / 3468 1859 / 1949 2271 / 2682 2374 / 2849 1107 / 1069 2215 / 2546 2331 / 2703 2658 / 3068

DTW Distance between Cluster 2 and tension ratio data (n = 2/n = 3) 
 SJS08 SJS09 SJS10 SJS11 SJS12 SJS13 SJS14 SJX09 SJX10 SJX11 SJX12 SJX14

2007-12-14 1335 / 1065 1167 / 1173 1291 / 1383 1300 / 1404 1642 / 1766 1732 / 1871 1471 / 1512 1151 / 1482 1577 / 1772 1109 / 1398 1157 / 1514 1470 / 1734

2009-05-05 1065 / 1619 1169 / 1572 1265 / 1593 1239 / 1597 1599 / 1634 1307 / 1995 1411 / 1697 1360 / 1601 913 / 694 1314 / 1660 1392 / 1650 1535 / 1698

2011-11-01 1499 / 1583 1743 / 1944 1793 / 2054 1498 / 1636 2514 / 2866 2195 / 2317 2062 / 2278 2063 / 2372 1512 / 1669 1841 / 2183 1985 / 2330 2380 / 2689

DTW Distance between Cluster 3 and tension ratio data (n = 2/n = 3) 
 SJS08 SJS09 SJS10 SJS11 SJS12 SJS13 SJS14 SJX09 SJX10 SJX11 SJX12 SJX14

2007-12-14 * / 1116 * / 1360 * / 1271 * / 1301 * / 1611 * / 1282 * / 1501 * / 1191 * / 1071 * / 1248 * / 1168 * / 1397

2009-05-05 * / 1069 * / 1188 * / 1247 * / 1234 * / 1702 * / 1387 * / 1403 * / 1347 * / 1108 * / 1267 * / 1328 * / 1522

2011-11-01 * / 1517 * / 1653 * / 1726 * / 1237 * / 2388 * / 1953 * / 2042 * / 2016 * / 1166 * / 1857 * / 1947 * / 2260
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LSTM, H୉ ൌ ቄ𝐡୉ሺଵሻ, 𝐡୉ሺଶሻ, … , 𝐡୉ሺ୐ሻቅ, is updated, where the 

dimension of 𝐡୉ሺ୧ሻ  is the number of LSTM units. The 
encoder maps the input sequence to a hidden state, which is 
a vector of fixed dimensions. For the information transfer 
from the encoder to the decoder, the decoder hidden state is 
initialized to the last hidden state 𝐡୉ሺ୐ሻ  of the encoder. 
There are hidden states, Hୈ ൌ ቄ𝐡ୈሺଵሻ, 𝐡ୈሺଶሻ, … , 𝐡ୈሺ୐ሻቅ, and the Hୈ  is used to predict the target sequence, which is 
equivalent to the input sequence. Therefore, the decoder 
plays the role of reconstructing the vector represented by 
the encoder as a sequence again. The Encoder-Decoder 
structure is employed for tasks in various fields such as 
machine translation, speech recognition, and multiple 
predictions as it can take a sequence and reconstruct a 
sequence. Malhotra et al. (2016) proposed an outlier 
detection technique using an LSTM based Encoder-Decoder 
network. As shown in Fig. 8, they trained EncDec-AD so 
that the encoder receives the sequence and reconstructs the 
input sequence in the decoder. Since only normal sequences 
are used for the EncDec-AD training, they remarked that 
the reconstruction error will be higher than that of the 
normal sequences given anomalous sequences. Therefore, 
they calculated the anomaly score with the network error 
and detect the segments containing outliers. In this work, 
the EncDec-AD is trained to determine reconstruction 
errors and identify the cable data containing outliers. 

 
5.2 Deep learning applied to the cable tension data 

and results 
 
In this study, the deep learning network is trained with 

the entire dataset without data labels. The time of high 
anomaly score is interpreted as the time when the cable is 
damaged. The anomaly score is defined as follows. 

 

 
where 𝒆௜ ൌ |𝒙௜ െ 𝒙௜ᇱ|  is the reconstruction error, and 𝝁 
and 𝚺  are the parameters in the Normal Distribution 𝒆௜~𝑁ሺ𝝁, 𝚺ሻ. Therefore, the anomaly score indicates that 
the data with the most unusual reconstruction errors contain 
outliers. In order to input each dataset into the LSTM 
network, the data for ten days are low pass filtered after 
removing outliers and divided into 60 length intervals. 
Since the bridge section with sensors is about 300m and 30 
seconds is enough time for the vehicle to pass, the sequence 
length is to 60, which is equivalent to 30 seconds. 
Therefore, the dataset consists of sequences with 12-
dimension with length 60. 

The encoder and decoder are configured as one LSTM 
layer each and set the dimension of hidden states to 8. The 
model is trained to minimize the mean absolute error of the 
network using the ADAM optimizer (Kingma and Ba 2015) 
with a learning rate of 0.0001. The number of epochs is set 
to 200 and the batch size to 32. The deep learning network 
is implemented using the Pytorch library (Paszke et al. 
2017). 

Fig. 9 Results for LSTM training
 
 
Fig. 9 represents the predicted values and the actual 

values as graphs. Table 6 shows the anomaly score for each 
date. It is observed that the 2011-11-01 data has the highest 
anomaly score. Since the input data is multivariate time 
series data, not only the cable data including outliers but 
also data of other cables are affected, which deteriorates the 
reconstruction of all cables. Also, as seen in Table 6, it is 
confirmed that the anomaly scores increased in 2007, 2009, 
and 2011 compared to 2006. The reason appears that the 
data for seven consecutive days were obtained in 2006, 
whereas there was only one-day data in 2007, 2009, and 
2011. The tension patterns may change over time, and if 
there are relatively few data samples each year, the anomaly 
score may increase. However, since the anomaly score 

 

 
increased the most rapidly and had the largest value in 
2011, it is interpreted that the bridge was damaged in 2011. 
In work by Zhang et al. (2019), the series with high 
reconstruction errors in the outlier segment is identified as 
an outlier. Similarly, the error of each cable data is 
computed to identify the cable data with the highest error as 
an outlier in 2011-11-01 data. Table 7 shows the Root Mean 
Square Error (RMSE). The error in this study is utilized to 
classify damaged cables. Since our goal is to select which 
cable has the highest reconstruction error, the relative error 
magnitudes are compared. Because the reconstruction error 
of cable SJS11 cable is the highest, SJS11 is judged as a 
cable with outlier data. 

In the previous studies (Gu et al. 2017, Malhotra et al. 
2016, and Zhang et al. 2019), normal data was utilized for 
training a deep learning model, and abnormal data is used 
as a test set. This is a reasonable approach when the outliers 
are very sparse (Malhotra et al. 2016). It is assumed that the 
bridge was not continuously operating with damaged 
conditions most of the time, especially in the early period 

𝑎௜ ൌ െlog ቌ 1ඥሺ2𝜋ሻ௠det𝚺 exp ቆെ 12 ሺ𝒆௜ െ 𝝁ሻ்𝚺ିଵሺ𝒆௜ െ 𝝁ሻቇቍ, (6)
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(ex. 2006-05-13~2006-05-19). Therefore, the entire data 
was used for the network learning. Although there is a 
limitation of assuming that the normal data will be more 
than the abnormal data, this is a valid assumption in 
detecting the damaged structure. 

 
 

6. Discussion 
 
The statistical analysis, the clustering, and the deep 

learning model are applied to discover the damaged cable. 
In this section, the outcomes of each approach are reviewed. 
The STL decomposition model for the statistical time series 
analysis shows that the SJS11 cable has the lowest 
increasing rate compared to other cables. The distances of 
the time series data are also calculated with the Euclidean 
and DTW, and the K-means time series clustering is 
applied. In addition, since the damaged cable affects other 
cables, the tension ratios are estimated between the cables 
and their opposite cables. Then the clustering algorithm is 
employed to classify the first set of damaged cable 
candidates. After that, the preprocessed data are clustered to 
classify the second set of damaged cable candidates. It is 
observed that SJS11 is the only cable in the intersection of 
the first and second sets of damaged candidates. Moreover, 
the EncDec-AD is utilized for training temporal patterns, 
and it is discovered that the reconstruction error of SJS11 is 
the highest in 2011 data. Finally, it is concluded that the 
SJS11 is the damaged cable since the results of all three 
techniques consistently report the same cable SJS11. 
However, the LSTM also classifies the SJS10 as a damaged 
cable. Furthermore, as shown in Table 7, the LSTM 
generates the error of SJS10 as high as that of SJS11. In 
Table 7, since the RMSE increases in the order of SJS08, 
SJS09, and SJS10, and the RMSE increases in the order of 
SJS14, SJS13, and SJS12, it is presumed that the closer the 
cable is to SJS11, the higher the RMSE. Therefore, the 
RMSE of SJS10 was affected by one of SJS11 because 
SJS10 was adjacent to the damaged SJS11, and the LSTM 
does not seem to effectively classify the damaged cable and 
the intact cable adjacent to the damaged cable. 

Instead of detecting damaged cables with a single 
method, voting ensemble method is employed to 
incorporate the predicted results from all models 

 
 

 
 

comprehensively. The voting ensemble is a learning 
technique that increases learning efficiency by combining 
several learning algorithms (Braga et al. 2007). The cable 
with the largest number of votes among the cables listed as 
damaged by different algorithms will be classified as the 
final damaged cable in the voting ensemble method. 
Therefore, damaged cables are distinguished with the voting 
ensemble every hour in 2011-11-01 data, and Table 8 shows 
the results. When the cross-correlation technique is applied, 

 
 

Table 8 Hourly accuracy 

Hr. Cross Corr. Cluster LSTM SVM Combination
00 SJS11 SJS11 SJS11 SJS11 SJS11 
01 SJS11 - SJS11 SJS11 SJS11 
02 SJS11 SJS11 SJS11 - SJS11 
03 SJS11 SJS11 SJS10 SJS11 SJS11 
04 SJS11 SJS11 SJS10 - SJS11 
05 SJS11 SJS11 SJS10 SJS11 SJS11 
06 SJS11 - SJS11 SJS11 SJS11 
07 SJS11 SJS11 SJS11 SJS11 SJS11 
08 SJS11 SJS11 SJS11 - SJS11 
09 SJS11 - SJS11 - SJS11 
10 SJS11 SJS11 SJS11 SJS11 SJS11 
11 SJS11 SJS11 SJS11 SJS11 SJS11 
12 SJS11 SJS11 SJS11 - SJS11 
13 SJS11 SJS11 SJS11 SJS11 SJS11 
14 SJS11 SJS11 SJS11 SJS11 SJS11 
15 SJS11 SJS11 SJS11 SJS11 SJS11 
16 SJS11 SJS11 SJS11 SJS11 SJS11 
17 SJS11 SJS11 SJS11 - SJS11 
18 SJS11 SJS11 SJS11 - SJS11 
19 SJS11 SJS11 SJS10 - SJS11 
20 SJS11 SJS11 SJS10 - SJS11 
21 SJS11 SJS11 SJS10 - SJS11 
22 SJS11 SJS11 SJS10 - SJS11 
23 SJS11 SJS11 SJS10 SJS11 SJS11 

Acc. 100% 87.5% 67% 54.2% 100% 

Table 6 Anomaly scores 

Date 2006-05-13 2006-05-14 2006-05-15 2006-05-16 2006-05-17 
Score -3.2730 -3.5118 -3.5272 -3.6186 -3.5356 
Date 2006-05-18 2006-05-19 2007-12-14 2009-05-05 2011-11-01 
Score -2.7490 -3.4255 -1.8070 -1.4346 -0.2893 

 

Table 7 RMSE for 2011-11-01 data 

Cable SJS08 SJS09 SJS10 SJS11 SJS12 SJS13 SJS14 
MAPE 1.2864 1.3800 1.4136 1.4145 1.3345 1.2229 1.2009 
Cable SJX08 SJX09 SJX10 SJX11 SJX12 SJX13 SJX14 
MAPE - 1.3051 1.3446 1.3373 1.2906 - 1.1710 
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SJS11 is always classified as the damaged cable in 2011-
11-01 data, achieving 100% accuracy. It is noticed that that 
the clustering and deep learning methods did not classify 
SJS11 as the damaged cable in some cases. In Table 8, the 
LSTM correctly classified SJS11 when the damaged cable 
could not be classified correctly by the clustering (Hr: 01, 
06, 09). Also, when the LSTM classified incorrectly (Hr: 
03, 04, 05, 19~23), the clustering classified the damaged 
cable correctly, which indicates that the two approaches are 
complementary. Moreover, the cross-correlation method, 
which has the highest accuracy among the three methods, 
was also used for voting. Therefore, the individual 
classification of the three methods and combining the three 
methods are investigated. The combined classification 
denotes to identify the cable with the majority of the results 
from the three methods. It is seen that 100% accuracy is 
achieved by combining the three methods. Additionally, the 
existing one-class support vector machines (SVM), an 
outlier detection algorithm, is implemented for the 
comparison. The proposed methods have higher accuracies 
when comparing the SVM with the individually proposed 
methods and the combined classification. If the SVM is 
further optimized and four algorithms, including cross-
correlation, clustering, deep learning, and SVM, are 
combined, a more stable outcome is obtained. 

Furthermore, the technique of recognizing the tension 
ratio pattern is implemented for damage detection. The 
tension ratio of the facing cable pair and the Gaussian 
Mixture Model (GMM) are employed to calculate the 
tension ratio. Fig. 10 presents the PDFs derived by GMM as 
contour plots. The figure shows that the SJ11 pair (SJS11 
and SJX11) has the mean value shift on 2011-11-01. The 
sudden shift in the mean value of GMM indicates that the 
cable is damaged. Therefore, it is inferred that SJS11 or 
SJX11 is damaged from the GMM technique. In addition, 
the insight from all techniques mentioned in this paper 
indicates that SJS11 is the damaged cable. 

 

 
 

7. Conclusions 
 
This paper proposed the combination method of three 

methodologies, including statistical modeling, clustering, 
and deep learning model to identify the damaged cables in 
the cable-stayed bridge. Firstly, the data records that 
interfered with the modeling were removed in the visual 
data search stage and substituted with the linear 
interpolations. Moreover, the data were preprocessed 
appropriately for each method to identify outliers. As the 
main task, the damaged cables were distinguished by 
comparing the data signal patterns. Then, the results by the 
STL decomposition model, cross-correlation, K-means time 
series clustering, and EncDec-AD were incorporated to 
identify the damaged cables. From all three approaches, 
SJS11 was identified as the damaged cable. The majority 
voting method was used to distinguish the damaged cable 
when the results differed from the three methods. In future 
work, the optimization of the clustering and deep learning 
algorithms will be considered. Moreover, voting techniques 
will be developed to identify damaged cables in the cable-
stayed bridge. 
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