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1. Introduction 
 

Structural modal parameters are important for structural 

health monitoring (SHM) of the civil infrastructure. 

Estimating and tracking modal parameters throughout the 

structure’s life are important for effective operating 

management (Brownjohn et al. 2010, Ko and Ni 2005, 

Soyoz and Feng 2009, Spencer and Nagarajaiah 2003) and 

can provide a valuable reference for design and construction 

of new bridges (Annamdas et al. 2016, Peeters and De 

Roeck 2001). However, due to the unavoidable uncertainty 

of excitation and environments (Ou and Li 2010), human 

interventions are required, limiting the acquisition of modal 

parameters throughout the long-term structural monitoring.  

Automated modal analysis (Reynders et al. 2012), i.e., 

identifying the structural modal parameters and tracking 

their evolution over time without human intervention, is one  
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of the essential techniques for long-term structural health 

monitoring (SHM). Generally, automated modal analysis 

includes two steps, modal parameter estimation and mode 

tracking. The former consists of estimation of modal 

parameters from a single measured raw dataset. Numerous 

studies have been devoted to developing automated modal 

identification methods. Among the previously proposed 

methods, clustering-based methods are the most popular 

selections. Based on the stabilization diagram, Reynders et 

al. (2012) proposed a clustering-based method to 

autonomously filter the spurious modes and extract 

meaningful modes. Demarie and Sabia (2018) proposed an 

approach for the automated modal identification which 

relies on existing algorithms from machine learning and 

data mining fields including the autoregressive model, 

multiple linear regression method and the k-nearest 

neighbor classifier. Cardoso et al. (2017) proposed an 

enhanced automated approach for modal parameter 

estimation based on a two-step clustering analysis; 

numerical and experimental tests were utilized to validate 

the validity of the proposed methodology. The automated 

modal identification methods are popular for long-term 

SHM of bridge structures. However, limited efforts have 

been devoted to the second step, mode tracking. 
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Abstract.  Determination of the most meaningful structural modes and gaining insight into how these modes evolve are 

important issues for long-term structural health monitoring of the long-span bridges. To address this issue, modal parameters 

identified throughout the life of the bridge need to be compared and linked with each other, which is the process of mode 

tracking. The modal frequencies for a long-span bridge are typically closely-spaced, sensitive to the environment (e.g., 

temperature, wind, traffic, etc.), which makes the automated tracking of modal parameters a difficult process, often requiring 

human intervention. Machine learning methods are well-suited for uncovering complex underlying relationships between 

processes and thus have the potential to realize accurate and automated modal tracking. In this study, Gaussian mixture model 

(GMM), a popular unsupervised machine learning method, is employed to automatically determine and update baseline modal 

properties from the identified unlabeled modal parameters. On this foundation, a new mode tracking method is proposed for 

automated mode tracking for long-span bridges. Firstly, a numerical example for a three-degree-of-freedom system is employed 

to validate the feasibility of using GMM to automatically determine the baseline modal properties. Subsequently, the field 

monitoring data of a long-span bridge are utilized to illustrate the practical usage of GMM for automated determination of the 

baseline list. Finally, the continuously monitoring bridge acceleration data during strong typhoon events are employed to 

validate the reliability of proposed method in tracking the changing modal parameters. Results show that the proposed method 

can automatically track the modal parameters in disastrous scenarios and provide valuable references for condition assessment 

of the bridge structure. 
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Mode tracking begins with determining the baseline list, 

i.e., a list of identifiable modal parameters including modal 

frequencies and mode shapes. Subsequently, modal 

parameters from new datasets are matched with the baseline 

list to track their evolution over long-term operation. 

Selection of the baseline list and associated bounds is the 

critical first step of mode tracking, being based on 

appropriate engineering data analysis, and is generally 

assumed to remain unchanged during the system operation. 

Previous studies are generally based on such predefined 

baseline modes based on engineering experience (Cabboi et 

al. 2017, El-Kafafy et al. 2017, Verboven et al. 2002). 

Recently, researchers claimed that variation of modal 

properties may be large due to structural damage (Feng and 

Bahng 1999, Reynders et al. 2014) and the variation 

property of environmental conditions (Asadollahi and Li 

2017, Mao et al. 2018a, Zhou et al. 2017, Zhou et al. 2015). 

Besides, the identifiable modes may not be the same in 

different time periods due to change of excitation sources, 

i.e., modal identifiability. The above-mentioned features 

make the tracking process manipulation-required, posing 

significant challenges for long-term SHM of bridge 

structures. Therefore, an effective approach to automatically 

track the modal parameters of long-span bridge structures 

during long-term operation is required.  

Due to their advantages in uncovering complex 

underlying relationships between processes, the emerging 

machine learning methods are proving to be good 

alternatives to deal with problems in structural engineering, 

resulting in significant human time saving and making the 

decision faster with less error rates (Salehi and Burgueño 

2018). Therefore, in this study, Gaussian mixture model 

(GMM), a popular unsupervised machine learning method, 

is employed to automatically determine and update baseline 

modal properties from the identified unlabeled modal 

parameters. On this foundation, a novel mode tracking 

method is proposed for automated modal tracking for long-

span bridges. Compared with the previous methods, the 

proposed one seeks to automatically track the evolution of 

modal parameters without any human participation, such 

that, one can obtain the timely information of the structural 

operating condition, which is a very important issue for 

long-term SHM. 

This paper is structured as follows. In the following 

section, detailed description of proposed automated mode 

tracking method will be presented. Then, the key theories 

behind the proposed method, GMM and Bayesian 

Information Criteria (BIC), will be briefly introduced. A 

numerical case for a three-degree-of-freedom (3DOF) 

simply supported beam model and a field-monitoring case 

of a long-span cable-stayed bridge, Sutong Cable-stayed 

Bridge (SCB), are utilized to validate the feasibility of 

GMM for determining and updating the baseline modes in 

an automated way. SHM data of SCB during strong typhoon 

events are applied to validate the proposed automated mode 

tracking methods. Finally, conclusions and suggestions are 

reached to provide references for operational management 

and maintenance of similar bridges. 

 

 

2. Methodology 
 

2.1 Automated modal parameter identification 
 

The parametric system identification method, 

stochastics subspace identification (SSI) method (Peeters 

and De Roeck 2001), is applied to estimate the structural 

modal parameters from raw monitoring data in this study. 

After that, the stabilization diagram are generated by 

changing the system order. The autonomous modal 

parameter identification method (AMPIM) (Mao et al. 2019) 

seeks to obtain modal parameters from the generated 

stabilization diagram without extra experience-based mode 

selection, i.e., human manipulation. The adopted AMPIM is 

briefly summarized using the following 6 steps as shown in 

Fig. 1.  

Step 1: Modal validation criteria (including frequency 

variation (FV), modal assurance criteria (MAC), modal 

phase collinearity, etc.) are calculated to describe distances 

of one mode from the closest mode/pole in the stabilization 

diagram, including distance metric, mode shape complexity, 

energy contribution ratio, and other indicators.  

Step 2: Modes with modal validation criteria larger than 

pre-defined thresholds are assumed as spurious ones and 

will be removed from the stabilization diagram. 

Observations of remaining modes can be assembled into a 

multi-dimensional matrix. 

Step 3: Then principal component analysis (PCA) 

(Wold et al. 1987) is applied to condense the observed 

multi-dimensional matrix into one dimensional vector (the 

first principal component, PC1).  

Step 4: Classify the remaining modes into 2 clusters 

using the k-means clustering (k=2) (Hartigan and Wong 

1979) based on the squared Euclidian distance metric. Two 

clusters, as well as their centroid coordinates, could be 

obtained, and the cluster with a smaller centroid coordinate 

value is assumed as the possible physical one. 

Step 5: Determine the optimal number of clusters to 

trim the hierarchical tree to achieve the best separation of 

close modes and clear the remaining spurious modes.  

Step 6: After the optimal number is determined, the 

hierarchical clustering is performed to classify the modes 

into different clusters. Subsequently, the counted the modes 

of each cluster are utilized as the inputs for k-means 

clustering (k=2). The clusters with smaller counts are 

spurious modes. Ultimately, one can obtain the average and 

standard deviation values of the modal parameters belong to 

different orders based on the final sets of physical modes.  

The AMPIM is the critical first step for automated 

modal analysis, which helps to identify modal parameters 

without any user intervention and guarantees the primary 

requirement for long-term SHM. 

 

2.2 Autonomous tracking of modal parameters 
 
Knowledge of the evolution of modal parameters is the 

final target of the modal analysis for long-term SHM. To do 

this, the mode tracking method, that is to compare and link 

the current identified modal parameters to those in the 

baseline list, is required. Generally, mode tracking includes  

244



 

Gaussian Mixture Model for automated tracking of modal parameters of long-span bridge 

 

 

two steps: 1) Determine the baseline list using the identified 

modal parameters for some time. 2) Compare and link the 

continuously identified modal parameters to those in the 

baseline list using similarity indexes, i.e., MAC and FV. 

The pre-defined baseline modal properties provide prior 

information for the matching/tracking process. However, 

due to the modal variation and identifiability properties, the 

acquisition of such prior information requires human 

intervention which depresses the feasibility for long-term 

SHM. 

Therefore, a novel method for automated mode tracking 

is proposed in this study. The proposed tracking method 

seeks to keep automated track of modal parameters without 

any user-interaction based on the following three steps. (Ⅰ) 

Autonomously identify the modal parameters and save the 

identified results in the database. (Ⅱ) Generate the 

candidates for baseline modes using GMM and update the 

baseline list in an automated way. (Ⅲ) Track the currently 

identified modes using distance metrics, MAC and FV, with 

the baseline modes. In the following, each single step of the 

proposed method is described in detail as shown in Fig. 2. 

Set the initial value for the time instant t=0, the time 

interval ∇t, and the minimum system operation time To. 

(Ⅰ) Update the time instant t = t+∇t, load the vibration 

data recorded during (t-∇t,t], identify the structural modal 

parameters (frequency, damping ratios, and vibration shape) 

using AMPIM, and save the identified Kt modes to the data 

base. Repeat this step until t≥To.  

(Ⅱ) Call the identified modes from the database during 

the last To time, classify the modes into clusters in an 

automatic way using GMM which are assumed to be the 

candidate baseline modes, and update the baseline modes 

by comparing the candidate with the previous one.  

(Ⅲ) For all the identified Kt modes during (t-∇t,t], 

calculate their distances with all the baseline modes using 

the sum of FV and MAC as shown in Eq. (1). Group each 

mode to the closest modes in the baseline list. Save and 

display the tracked modes. 

 

 

 

Fig. 2 Flowchart of the automated mode tracking method 

 

 

Repeat step (Ⅰ) to (Ⅲ) until sensor failure or system 

maintenance for tracking the structural modes over a long 

period of time. 

 

Fig. 1 Workflow of automated modal parameter identification method (AMPIM) 
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where f and   denote the frequency and mode shape, 

respectively. The 
f

ck ,bid  represents FV between the kth 

frequency in the currently identified modal list and the ith 

frequency in the baseline list, and 
MAC

ck ,bid  represents the 

MAC index between the kth mode shape in the currently 

identified modal list and the ith mode shape in the baseline 

list.  

To the best of the authors’ knowledge, few studies on 

automatically determining and updating baseline list for 

mode tracking have been carried out. The proposed method 

in this study utilizes GMM and BIC to automatically 

determine and update the baseline list. GMM helps to 

classify identified modal parameters into different groups 

and determine the candidates for baseline list using 

statistical results of each group. Besides, the fitted GMM 

with smallest BIC value is regarded as the optimal one. In 

the next section, theories of GMM and BIC will be 

explained in detail. 

 

 
3. Gaussian mixture model and bayesian information 
criteria 

 

3.1 Gaussian mixture model 
 
To obtain statistical properties of baseline modes, one 

should classify identified modal parameters into K groups, 

in each group only one kind of modes exist. GMM, one 

kind of unsupervised machine learning approach, is applied 

to estimate the probability density of the dataset and 

classify different modes into clusters automatically(Huang 

et al. 2005).  

Suppose that an observation x follows a distribution 

p(x|z) conditional on a latent variable z for cluster 

assignment. This means that the data set could be modelled 

using a joint distribution, i.e., p(x,z)=p(x|z)p(z). Here, z is a 

K-dimensional binary random variable with a 1-of-K 

representation, i.e., an element zk equals to 1 and all other 

elements equal to 0. p(z) is the prior distribution over z and 

can be expressed as 

( )1k kp z = =  (2) 

where parameters { k } satisfy 0 1k   and 

1

1
K

k

k


=

=
.  

Due to the 1-of-K representation of z, Eq. (2) can also be 

expressed as follows. 

( )
1

k

K
z

k

k

p 
=

= z
 

(3) 

Suppose that x conditional on z follows a Gaussian 

distribution as 

( )x 1 (x Σ )k k kp | z | ,= = N  (4) 

where k  and Σ k  are respectively the mean and 

covariance of x conditional on 1kz = . The marginal 

distribution of x, denoted as p(x), could then be obtained by 

summing the joint distribution ( ) (x )p pz z|  over all 

possible z values 

1

(x) (x )
K

k k k

k

p | ,
=

=  ΣμN
 

(5) 

where p(x) can be expressed using a linear superposition of 

Gaussians, that is a Gaussian mixture (Reynolds et al. 2000).  

To estimate model parameters, including π , μ , and 

Σ , the most common approach is to find the parameters 

with maximum likelihood according to the observed data 

1{x   x }n N, ,= D . The likelihood function  for n 

sampled independently from the identical mixture 

distribution can be expressed as follows 

11 1

(x ) = (x | , )
N N K

i k i k

ki i
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== =
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(6) 

The objective function  is usually transformed into the 

log form . 

1 1
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(7) 

Due to the singular problem of Eq. (7), no close form 

solution can be found to maximize the objective function 

problem by setting its derivative equal to zero (Bishop 

2006). The expectation-maximization algorithm (EM 

algorithm) has been proved to be an effective method to 

find the maximum likelihood for models with latent 

variables (Moon 1996). After the initial values are selected, 

EM algorithm alternates between two updates namely as 

expectation step (E step) and maximization step (M step). 

Each update for parameters is guaranteed to increase the log 

likelihood function. Detailed steps of EM algorithm is 

summarized as follows (Bishop 2006).  

1) Set initial values for model parameters 
0π , 

0μ , 

and 
0Σ , and evaluate the corresponding log 

likelihood according to Eq. (7). 

2) E step. Evaluate the responsibilities using current 

parameters. 

1

(x )
( )

(x )

k n k k
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j n j j

j
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(8) 

3) M step: Calculate the parameters using the 

updated responsibilities. 

new

1

1
( )x

N

k nk n
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z
N

 
=

= 
 

(9) 
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4) Estimate the current log likelihood value and 

check for convergence. If the convergence 

criterion is not satisfied return to step 2. 

The initialization of the parameters is critically 

important for the convergence speed of EM algorithm. In 

practice, the clustering results using k-means algorithm are 

usually taken as the initializations (Kanungo et al. 2002).  

A single Gaussian distribution is completely controlled 

by the mean vector k , and covariance matrix k , where 

k  controls the central location and k  determines the 

dispersion/shape. GMM is a linear combination of 

Gaussians, hence the covariance matrices for different 

mixture components may be different. Traditionally, four 

different types of covariance matrices, i.e., full, tied, 

diagonal, and spherical, are utilized to fit GMM. Full means 

the covariance matrices of different components are 

independently with each other. Tied means the covariance 

matrices of different components are the same, but the 

shape may be random. Diagonal means the covariance 

matrices of different components are all diagonal and may 

vary between components. Spherical indicates that the 

covariance matrix is diagonal with the same, but the matrix 

value may be different for different components. Four two-

component GMMs with different covariance matrices are 

exhibited in Fig. 3 to illustrate the influence of the 

covariance matrices on the shape of GMM.  

 

3.2 Bayesian information criteria 
 

With the increase of mixture components, larger 

likelihood could be obtained, however, overfitting problems 

may take place (Cao and Wang 2014). Therefore, the users 

are required to estimate the suitable component number 

which makes the fitted GMM balanced between maximum 

likelihood and overfitting risk. In this study, BIC (Jeffreys 

1998) is utilized to estimate posterior probability of the 

generated models conditional on observed data n and the 

fitted model with the smallest BIC is regarded as the 

optimal one.  

 

 

Suppose there are K options, i.e., K parametric candidate 

models (1,…, K). The subscript k represents the 

component number of the candidate model. In Bayesian 

inference, the prior probability of the occurrence of model 

Mj is denoted as ( )j j = P M . According to the Bayes’ rule, 

the posterior probability of Model Mj given data n can be 

expressed as 

1

( ) ( )
( )

( )
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n j j

j n
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=
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P
P
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M D

D
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where ( )np D  is the marginal distribution of n and 

could be represented as a constant, uncorrelated with the 

selected model. Besides, a uniform prior over the models is 

adopted: 
1 2 1K / K  = = = = . Therefore, 

( )n jp |D M , the marginal likelihood function (MLF) for 

model j , can be regarded as indicators to determine the 

optimal the optimal model. According to the definition of 

the MLF, ( )n jp |D M  can be estimated by applying the 

integration over the whole parameter space as follows 

( )= ( , ) ( | )

                  = ( ) ( | )

n j n j j j j j j

n j j j j j

p | p | p d

p d

  
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



M M M

L M

D D

 

(13) 

where ( )= ( , )n j n j jp | L MD  is the likelihood function 

for model j, and pj(θj|j), represents the prior probabilities 

of parameters θj for model j. 

Let j̂  be the maximum a posterior (MAP) estimator 

under model Mj as shown in Eq. (14). 

( ) 0

j j

n j

j ˆ 




=


=


L

 

(14) 

Apply the Taylor expansion at j̂ , and the estimation 

of )(L jn   can be obtained 

1
( ) ( ) exp ( ) ( )( )

2

T

n j n j j j n j j j
ˆ ˆ ˆ ˆI      
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(15) 

    
(a) Full (b) Tied (c) Diagonal (d) Spherical 

Fig. 3 Exhibition of four two-component GMMs with different covariance matrices 
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2log ( , )
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n j j

n j T

j j

p |
I
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 


= −

 

D M
 is empirical 

Fisher information matrices for the dataset  n. 

Substitute the Eq. (15) into Eq. (13), and an 

approximation of 
( )n jp |D M

 can be expressed as 

follows 

2

1 22
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where d is the dimensionality of model Mj and the obtained 

results can also be represented in the log format 

1

1
log ( ) log ( ) -  log  + C

2

1 1 1
C  -  log ( )   log(2 )- log ( )
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(17) 

It should be noted that C is of smaller order than 

1
log ( ) -  log 

2
n j j

ˆ d nL
, and we can approximate the 

log ( )n jp |D M
 with Bayesian information criteria 

defined as follows 

1
BIC( ) = log ( ) -  log 

2
j n j j

ˆ d nM L
 

(18) 

The BIC score provides a large sample approximation 

for the log posterior probability of the fitted model. The 

candidate model with the maximum BIC can be regarded as 

the optimal one, since it corresponds to the highest 

Bayesian posterior probability. It is also validated that BIC 

is model selection consistent, i.e., if the true model is within 

the candidate pool, the probability that BIC selects the true 

model goes to 1 as n goes to infinity (Wasserman 2000). 

 

 
4. Validation of the automated baseline 
determination method 

 

4.1 Numerical case 
 

Determination of the baseline modal properties is one of 

the most important part for mode tracking. A numerical case 

of a simply supported beam is presented in this section to 

illustrate this issue. According to the lumped mass theory, 

the simply supported beam is simulated using a 3DOF 

system as exhibited in Fig. 4. The lumped mass values of 

the 3DOF system are m1, m2, and m3, respectively. The 

vertical shear stiffness values between different components  

 

 

are denoted as k1, k2, k3, and k4, respectively. The damping 

ratios are not considered in this numerical case. Suppose 

that all the structural parameters are random variables 

generated from Gaussian distributions as listed in Table 1. 

The mass parameters, m1, m2, and m3, are assumed to follow 

the same distribution, and so do the stiffness parameters k1, 

k2, k3, and k4.  

Suppose that the structural parameters are generated, 

independent identical distribution, according to the 

distribution listed in Table 1. For each structural parameter, 

100,000 samples are generated, hence totally 100,000 

models with different structural parameters can be obtained. 

The theoretical modal frequencies of the generated 

100,000 models are calculated and exhibited in Fig. 5.  

Suppose that all the identified modal parameters are 

mixed in a group without any labels. Then, GMM is utilized 

to assign the modal parameters into different groups, where 

modal parameters belonging to the same mode are classified 

in one group. Determination of mixture component is one of 

the most difficult issue for GMM, and still relies on 

engineering experience. The BIC, indicating the posterior 

distribution of the fitted model conditional on observed 

data, is then applied to find optimal one from candidate 

models. The fitted model with the smallest BIC is assumed 

to be the optimal one. In the numerical case, GMMs with 

different mixture component numbers, i.e., from 1 to 9, are 

fitted using EM algorithm according to dataset. The BIC 

values corresponding to the fitted models are shown in Fig. 

6. 

As shown in Fig. 6, the BIC values of fitted GMMs with 

different covariance matrices show similar variation trend. 

BIC values decrease sharply with the increase of number of 

components when it is smaller than 3 and keep relative 

stable when the components number is larger than 3. From 

the zoom up diagram of Fig. 6, BIC slowly increases with 

the component number when it is larger than 3. Therefore, 

the GMM with 3 mixture components and full covariance 

matrix are automatically set as the optimal one. The 

classified modal frequencies in each group are shown in 

Fig. 7. One can see that GMM can successfully classify the 

modal frequencies of each order into the same group, based 

on which the candidate for the baseline modes can be 

determined. 

 

Table 1 Distribution parameters for the 3DOF simply 

supported girder model 

Notation Variables 
Gaussian distribution 

Unit 
μ σ 

Mass m1, m2, and m3 1, 800 18 kg 

Stiffness k1, k2, k3, and k4 17, 500 140 N/m 

 

Fig. 4 General view of the 3DOF simply supported girder model 
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(a)  The 1st and 3rd modes (b) The 2nd and 3rd modes 

Fig. 5 Histogram of natural frequencies of the 3DOF simply supported girder model 

 

Fig. 6 BIC values for the fitted GMMs with different component number 

 

Fig. 7 Classified modal frequencies in 3 groups using GMM 

 

Fig. 8 General view of SCB and the installed accelerometers (Unit: m) 
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4.2 Field monitoring case 
 

In this section, the field monitoring data of SCB, are 

applied to validate the potential usage of the proposed 

automated mode tracking method for long-term monitoring 

of the real civil infrastructure. SCB, with a main span of 

1,088 m, is the longest cable-stayed bridge in China(Mao et 

al. 2018b). Comprehensive SHM system has been installed 

on this bridge since its completion in 2008. Among the 

massive sensors, 7 pairs of dual-axis accelerometers are 

installed at the bridge deck, and two dual-axis 

accelerometers are installed at the top of the two towers. 

The general view of SCB and the installed accelerometers is 

shown in Fig. 8. For more detailed information about the 

whole SHM system of SCB, one can refer to Wang et al. 

(2016).  

Based on AMPIM illustrated in Fig. 1, the recorded 

vertical acceleration responses (sampling frequency is 20 

Hz) of the bridge deck for 20 days (Jan. 1st - Jan. 20th, 2010) 

are utilized to identify the modal parameters. The time 

interval ∇t is set as 1 hour, and the total number of time 

segments for the selected 20 days is 480. The identified 

modal frequencies, shown in Fig. 9, are utilized to validate 

the feasibility of GMM for field monitoring application. 

In real application, the minimum system operation time 

To is critical important for determining the baseline list. If 

To is too small, indicating the selected time segments are 

insufficient, some important modes may not be included in 

baseline list. However, the computation burden will 

decrease the efficiency of the tracking method when To is 

large. Therefore, different To values are applied to 

investigate their influence on the obtained baseline list 

using GMM. For that purpose, 10 datasets are generated 

with the corresponding To values defined as 1 day, 2 days, 3 

days, 4 days, 5 days, 6 days, 7 days, 8 days, 9 days, and 10 

days, respectively. These datasets consist of continuously 

identified modal parameters sampled from the total 480 

segments (20 days) as shown in Fig. 9. Based on the GMM 

fitted results, BIC values are calculated using Eq. (18) and 

those for different datasets are shown in Fig. 10. 

As shown in Fig. 10, the BIC values of the selected 10 

datasets of SCB show similar variation trend with those of 

the numerical case (shown in Fig. 6), i.e., sharply 

decreasing at the beginning and then slowly increasing to a 

relatively stable value. Results show that the selected 

optimal parameters based on BIC values may not be the 

same for different datasets. For example, the optimal 

parameters for the dataset (To = 1 day) are 9 components  

 

 

 

with tied covariance matrices, while those for the dataset 

(To = 7 days) are 13 components with spherical covariance 

matrices. Some observed outliers during long-term 

monitoring process (as shown in Fig. 9) changed the data 

feature and led to the variation of obtained group number. 

The number of elements in each classified group of the 

dataset (To =7 days) as tabulated in Table 2. 

As listed in Table 2, one can observe that 4 groups, 

whose mean values are respectively 0.2386 Hz, 0.3742 Hz, 

0.4246 Hz, and 0.5847 Hz, include obviously fewer modes 

than those in other 9 groups and are assumed as spurious 

ones. The spurious modes can easily be filtered out using a 

predefined threshold, i.e., minimum number of elements, 

which is usually set as one fifth of the number of time 

segments, i.e., To/(5∇t). In this scenario, the threshold is 

equal to 33.6 (168 divided by 5), and 4 groups with 

elements fewer than 33.6 are assumed as spurious modes. 

In addition, the minimum system operation time To are 

required to define the minimum size of the dataset to 

generate representative candidates for baseline updating 

using GMM. This problem can easily be solved by setting 

To as 1 day because that we have found that GMM is able to 

classify the same modes into one group even when To is 1 

day. For field monitoring, To can be set as 2 days, as a 

result, more representative statistical results of the candidate 

modal parameters can be obtained for determining and 

updating the baseline list. 

Therefore, with the combination of GMM and BIC, one 

can automatically obtain the candidates (mean and standard 

deviation) for baseline list from datasets with different 

segments. 

 

 

 

Fig. 9 Identified modal frequencies of SCB (Jan. 1- Jan. 

20, 2010) 

 

 

Table 2 The number of modes in each cluster of the dataset (To =7 days) 

Mean /Hz 0.1854 0.2189 0.2386 0.3361 0.3742 0.3926 0.4246 

Number 168 137 1 166 2 139 2 

Notes Physical Physical Outlier Physical Outlier Physical Outlier 

Mean /Hz 0.4520 0.5330 0.5774 0.5847 0.6259 0.6719  

Number 156 167 149 8 113 58  

Notes Physical Physical Physical Outlier Physical Physical  
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Fig. 10 GMM-based BIC values using GMM for different To values 

 

Fig. 11 The histograms of the obtained 9 groups of modal frequencies 
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The histograms of the remaining 9 groups of modal 

frequencies are shown in Fig. 11. The baseline list of the 

modal properties, for the mode tracking process, can be 

determined according to the statistics results of modes in 

each group and is tabulated in Table 3. Besides, the baseline 

mode shapes for automated modal tracking of SCB are 

shown in Fig. 12. 

 

 

5. Application of the proposed method during 
typhoon events 
 

5.1 Description of typhoon events 
 

SCB is situated at the east coast of the China where 

strong monsoons and typhoons take place frequently. 

Timely acquisition of structural modal parameters is one of 

the most important aspects for SHM of the large-scale 

cable-stayed bridge. Therefore, the proposed automated 

mode tracking method is required to works effectively 

during such windy scenarios. In this section, the recorded 

acceleration responses during August 2012 are applied to 

validate the efficiency of the proposed method. Three 

typhoon events, namely as, Damrey, Haikui, and Bolaven, 

went through the east coast of China and had considerable 

influence on SCB during that time (Wang et al. 2019). The 

moving paths of three typhoons are exhibited in Fig. 13. 

As shown in Fig. 13, typhoon Damrey was born at the 

northeast sea of Territory of Guam on July 27, 2012 

(UTC+8) and decreased to tropical depression at Bohai sea  

 

 

 

 

on Aug. 4, 2012 (UTC+8). Typhoon Haikui was born at 

southeast sea of Iwo Jima on Aug. 1, 2012 (UTC+8) and 

downgraded to tropical storm at Chizhou City, Anhui 

Province by 12:00 on Aug. 9, 2012 (UTC+8). Typhoon 

Bolaven emerged at southwest sea of Territory of Guam on 

Aug. 17, 2012 (UTC+8) and decreased to tropical storm on 

Aug. 29, 2012 (UTC+8). The closest distances between the 

typhoon eye and SCB were respectively 255 km (Damrey), 

210 km (Haikui), and 360 km (Bolaven), respectively.  

 

 

 

Fig. 13 Moving paths of typhoon Damrey, Haikui, and 

Bolaven 

 

Table 3 Baseline list of modal properties determined by GMM 

Order 1 2 3 4 5 6 7 8 9 

Frequency / 

(Hz) 
0.1854  0.2189  0.3361  0.3926  0.4520  0.5330  0.5774  0.6259  0.6719  

Damping ratio 

/ (%) 
0.76 0.74 2.30 1.95 1.23 1.40 1.11 1.43 1.60 

Direction V V V V V V T T V 

shape S Anti-S S Anti-S S S - - S 

Notation VS1 VAS1 VS2 VAS2 VS3 VS4 T1 T2 VS5 

 

Fig. 12 The baseline mode shapes for automated modal tracking of SCB 

VS1 VAS1 VS2 

VAS2 VS3 VS4 

T1 T2 VS5 
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Fig. 14 exhibits the 10-minute average wind speed (mean 

wind speed occurring over a 10-minute period) at the mid-

span of SCB during August 2012 (31 days in total). One can 

clearly observe that SCB was within the influence scope of 

the strong typhoons since maximum 10-minute average 

wind speed for the three typhoons are respectively 15.5 m/s 

(Damrey), 24.3 m/s (Haikui), 14.8 m/s (Bolaven). In such 

windy disasters, the bridge owners need to obtain the timely 

information of the bridge condition for risk evaluation and 

decision making, which is the motivation to develop 

automated modal identification and mode tracking methods. 

 

5.2 Tracked modal parameters 
 

Based on the recorded acceleration responses of the 

bridge deck during August 2012, the structural modal 

parameters are continuously identified using AMPIM by 

setting ∇t equal to 1 hour. The minimum system operation 

time To is set as 2 days. Based on the identified modal 

parameters during the first 2 days, the initial baseline list of 

modal properties is determined using GMM and BIC. The 

evolution of modal parameters during the first 2 days was 

tracked using the initial baseline list. After that, for every 

new time step, identified modal parameters are firstly 

included to update the baseline list and then paired to the  

 

 

 

 

updated list (mode tracking). The tracked modal frequencies 

and damping ratios of the deck of SCB during August are 

shown in Figs. 15 and 16, respectively. Results show that, 

the modal parameters cannot always be identified during the 

long-term monitoring process. To be specific, the 

identifiable segments for high frequency modes (i.e., T2 is 

376 and VS5 is 485) are much smaller than the total time 

segments (744). These deficient modes cannot be identified 

during the periods with low level signal-to-noise ratio of 

wind excitation in high frequency range (Ni et al. 2015). 

Whatever, the proposed method can automatically track the 

evolution of each mode with a good reliability, and all the 

identified outliers can be filtered out successfully.  

As shown in Fig. 15, the modal frequencies of SCB 

keep relatively stable, although strong typhoons had 

significantly influence on this bridge during these 31 days 

(Wang et al. 2018). Besides, similarly with the results by 

Hu (2011), the variation of the high frequency modes is 

obviously larger than that of the low frequency modes.  

The damping ratios, featured as more scattered than 

natural frequencies, exhibit different variation features. As 

shown in Fig. 16, the damping ratios fluctuated in a fixed 

range for most of normal operation time. However, during 

the typhoon events, the damping ratios increased to a much 

higher level. Particularly, three peaks of the damping ratios  

 

Fig. 14 10-minute average wind speed at the mid span of SCB 

 

Fig. 15 Tracked modal frequencies of SCB during Aug. 2012 
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can be observed clearly during typhoon Damrey, Haikui, 

and Bolaven, for the first two modes (VS1 and VAS1). For 

example, the damping ratios of VS1 varied between 0.60% 

and 1.30% during regular operating time, however, the 

maximum values increased to 2.81%, 2.92%, and 2.05% 

due to typhoon events. Structural damping generally 

includes contributions from two parts: energy dissipation 

inside and energy dissipation outside (Tamura and 

Suganuma 1996). For a long-span cable-stayed bridge (SCB 

in this case), the structural damping mainly stems from the 

inside energy dissipation including internal friction, 

vibration-control dampers, and plastic deformation of 

structural components, since the outside energy dissipation 

including aerodynamic damping at the experienced wind 

velocities is relatively insignificant (Wang et al. 2018). 

With the augment of vibration level, the dissipative energy 

from the towers, cables, dampers, and girders increases 

significantly. This might explain why the damping ratios of 

the first two modes increases with the augment of 

vibrations. On the other hand, the damping ratios of other 

modes don’t show similar significant increasement for large 

vibration. The low-frequency modes contribute to most of 

the vibration responses instead of the high frequency modes 

due to low-frequency nature of wind excitation. Hence, this 

might explain that the increase amplitudes of the damping 

ratios for lower modes are much larger than those for high 

modes. 

 

 

 

 

 

 
(a) VS1 

 
(b) VAS1 

Fig. 17 MAC values of the tracked mode shapes of SCB 

during Aug. 2012 

 

 

 

Fig. 16 Tracked damping ratios of SCB during Aug. 2012 
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In addition, the MAC values between the tracked and 

initial modes are calculated to show the evolution of mode 

shapes of the girder of SCB. All the MAC values are 

centered at in a small range between 0.99 and 1.0; the MAC 

values of VS1 and VAS1 are plotted in Fig. 17 to show their 

variation features. The tracked mode shapes keep relatively 

stable and show a much weaker relationship with the 

environmental factors than the frequencies and damping 

ratios. 

 

 

6. Conclusions 
 

In this study, an automated mode tracking method was 

proposed to automatically track the identified modal 

parameters of the long-span bridge; the proposed method 

can provide a practical tool for long-term structural health 

monitoring. Gaussian mixture model (GMM), a popular 

unsupervised machine learning method, was embedded in 

the proposed method to automatically determine and update 

baseline list according to the newly identified modal 

parameters in the dataset. On that basis, the automated 

mode tracking methodology is established with two major 

functions, i.e., updating the baseline modes and tracking the 

evolutional modal parameters.  

With the combination of GMM and Bayesian 

information criteria (BIC), the candidates for the baseline 

modal parameters can be automatically determined and 

updated. However, two parameters, i.e., the minimum 

system operation time To and the minimum number of 

elements for the remaining clusters, are required to be 

defined. The minimum system operation time is applied to 

measure the minimum size of the dataset to generate 

enough representative candidates for baseline updating 

using GMM. As usual, To can be set as 2 days, as a result, 

ensuring an adequate quantity of examples in the dataset. 

The minimum number of elements is a threshold utilized to 

check the number of elements in the GMM-based clusters; 

these clusters, including fewer components than the 

threshold, are assumed to be spurious. The threshold is 

usually set as one-fifth of the number of time segments, i.e., 

To/(5∇t). 

The numerical and field monitoring tests were carried 

out to validate the validity of the proposed method. Results 

show that the spurious modes identified in the previous step 

can be successfully filtered out, such that, the proposed 

method can automatically track the evolution of modal 

parameters with a good reliability, even under strong wind 

events.  

It is believed that the automated mode tracking method 

could be regarded as useful tool to provide timely 

information of the bridge structure during long-term 

operation. Insight into the modal parameters during long-

term monitoring process will be conducted in future 

research to provide references for damage detection and 

condition assessment of the in-service bridge.  
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