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1. Introduction 

 
The structural modal properties such as the frequencies, 

damping ratios and mode shapes are often used for design 

validation, finite element model updating and damage 

assessment of the civil engineering structures such as 

bridges. These modal properties should be determined in 

normal operational conditions to represent real dynamic 

response of the structures. There are two methods to obtain 

the modal properties, i.e., the experimental modal analysis 

(EMA) method and the operational modal analysis (OMA) 

method. The traditional EMA methods need both the input 

(excitation) and output (response) measurements to estimate 

the modal parameters. Many EMA algorithms have been 

developed such as the Single-Input/Single-Output (SISO), 

Single-Input/Multi-Output (SIMO) and Multi-Input/Multi-

Output (MIMO) techniques in time domain and frequency 

domain (Ewins 2000). However, the EMA methods may not 

be suitable for identifying the modal properties of large 

civil engineering structures under operational condition due 

to the difficulty in the acquirement of the excitation. The 

OMA method, also called as ambient excitation or output-

only modal identification method, has drawn great attention 

in civil engineering community, since it only uses the  
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response measurements of the structures in operational 

condition subjected to ambient excitation for identifying the 

dynamic characteristics. 

Over the past two decades, several OMA methods have 

been proposed, including the peak-picking (PP) method 

(Bendat and Piersol 1993), the frequency domain 

decomposition (FDD) method (Brincker et al. 2000) and the 

poly-reference least squares complex frequency domain (p-

LSCF) method (Guillaume et al. 2003) in the frequency 

domain, the Eigen-system realization algorithm (ERA) 

method (Juang and Pappa 1985), and the stochastic 

subspace identification (SSI) method (Overschee and De 

Moor 1996, Peeters and De Roeck1999) in the time domain. 

These OMA methods have been successfully applied to 

many real bridges, such as the Vasco da Gama cable-stayed 

bridge (Cunha et al. 2001), the Qingzhou cable-stayed 

bridge (Ren et al. 2005), the Infante D. Henrique Bridge 

(Magalhães et al. 2008), and Humber Bridge (Brownjohn et 

al. 2010). Moreover, the modal parameters of some specific 

structures can also be obtained by other methods proposed 

in studies (Chen 2006, Le and Caracoglia 2015). The 

identified modal parameters can then be utilised for many 

applications, such as finite model updating (Chen and 

Huang 2012, Papadimitriou and Papadioti 2013, Chen and 

Maung 2014a) and structural damage assessment (Chen and 

Maung 2014b, Moradipour et al. 2015). 

However, these identified modal parameters are often 

obtained by relatively small amplitudes of structural 

response due to normal wind and traffic excitation. In 

certain extreme circumstances, even some lower-order 
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mode shapes are not able to be reliably identified from the 

ambient responses under weak excitations (Ni et al. 2015).  

The issue how to quantitatively judge the robustness of 

these identified modal characteristics is still not well 

understood and even rarely investigated. There is no 

theoretical or even empirical criterion available for the 

confidence of the identified modal parameters. In order to 

investigate the issue, Ni et al. (2015) investigated the 

identifiability on the second mode of the Ting Kau Bridge 

(TKB) which is deficient under various weak wind 

conditions by using the data-driven stochastic subspace 

identification method. It is concluded that the threshold of 

wind speed for reliable identification this deficient mode is 

7.5 m/s. Therefore, a benchmark problem on the mechanism 

study of mode identifiability and robustness of a cable-

stayed bridge using the monitored data from the 

instrumented Ting Kau Bridge under different excitation 

conditions has been developed.  

Recently, the results for the benchmark problem on the 

modal identifiability of the cable-stayed bridge are reported 

in many studies (Wu et al. 2016a, Goi and Kim 2016, Li 

and Ni 2016, Zhang et al. 2016). Wu et al. (2016a) 

investigated the identifiability of the deficient second mode 

by using an improved stochastic subspace identification 

(SSI) algorithm and concluded that it can be stably 

identified with the acceleration measurements on both the 

deck and the tower of TKB under all wind conditions. Goi 

and Kim (2016) investigated the mode identifiability of 

TKB by using SSI algorithm and proposed the cumulative 

contribution ration (CCR) of singular values to evaluate the 

feasibility of this OMA method. Li and Ni (2016) 

investigated the same problem by using an adapted proper 

orthogonal decomposition with a band-pass filtering and 

proposed an energy participation factor from the obtained 

proper orthogonal modes (POMs) to assess the modal 

identifiability of TKB. Zhang et al. (2016) adopted a 

recently developed fast Bayesian FFT method (Au and 

Zhang 2016, Zhang and Au 2016) and proposed the modal 

signal to noise (s/n) ratio to evaluate the identifiability of 

the deficient mode. 

In this paper, two time-domain OMA methods, e.g., the 

data-driven stochastic subspace identification (SSI-DATA) 

method and the covariance-driven stochastic subspace 

identification (SSI-COV) method, are adopted to identify 

the modal parameters from ambient acceleration 

measurements for the benchmark problem. Based on the 

SSI-DATA method, the modal contribution indexes of all 

identified modes to the measured vibration data are 

computed by using the Kalman filter, and their feasibility to 

evaluate the robustness of identified modes is investigated. 

The results show that the robustness of identified modes can 

be judged by using their modal contributions to the 

measured vibration data. A critical value of modal 

contribution index for a reliable and robust identification of 

modal parameters is then suggested for this benchmark 

problem. 

 

 

 

 

2. Benchmark problem on modal identifiability 
 

2.1 Description of Ting Kau Bridge and SHM system 
 

The Ting Kau Bridge (TKB) shown in Figs.1 and 2, 

located in Hong Kong, is a three-tower cable-stayed bridge 

connecting the Tsing Yi and Ting Kau. The total length of 

Ting Kau Bridge is 1177 m including two main spans of 

448 m and 475 m, respectively, and two side spans of 127 m 

each. The heights of three main towers are 170 m (Ting Kau 

Tower), 194 m (Central Tower) and 158 m (Tsing Yi Tower), 

respectively. The width of the bridge deck is 42.8 m, 

consisted of two separated carriageways with a width of 

18.8 m each and a 5.2 m gap. The two carriageways are 

connected with cross-girders with 13.5 m interval. The 

cable system has four planes with a total of 384 stay cables 

supporting the bridge decks. The unique stabilising cables 

were adopted in the bridge for enhancing the stability of the 

three main towers. It includes eight longitudinal stabilising 

cables diagonally connecting the top of the central tower to 

the side towers and 64 transverse stabilising cables that are 

used to restrain the three main towers in the transverse 

direction. 

A structural health monitoring (SHM) system with more 

than 230 sensors has been permanently installed on the 

TKB after its complete construction in 1999 (Ko and Ni 

2005). The sensors installed on the bridge include 

accelerometers, anemometers, strain gauges, anemometers, 

displacement transducers, temperature sensors and weigh-

in-motion sensors (Ni et al. 2011). As illustrated in Fig. 2, 

there are 3 anemometers installed at the top of the three 

main towers and 4 anemometers installed at the both sides 

of the sections E and L of the bridge deck. The sampling 

frequency of these anemometers is 2.56 Hz. In addition, 

there are 24 uni-axial accelerometers permanently installed 

at eight sections (B, D, E, G, J, L, M, O) of the bridge deck. 

The detailed deployment of these 24 accelerometers on the 

bridge deck is shown in Fig. 3. The accelerometers (1, 3, 4, 

6, 7, 9, 10, 12, 13, 15, 16, 18, 19, 21, 22, 24) installed on 

both sides of the bridge deck measure the vertical 

accelerations, and the accelerometers (2, 5, 8, 11, 14, 17, 20, 

23) installed along the middle of the bridge deck collect the 

transverse acceleration measurements. The sampling 

frequency of these accelerometers is 25.6 Hz. Only the data 

collected from the 24 acceleration sensors instrumented on 

bridge deck at various operational conditions are adopted in 

the present benchmark study. 

 

 

 
Fig. 1 The Ting Kau Bridge 
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2.2 Description of field measurement records 

 

In the present benchmark study on mode 

identifiability, a total of 13 data samples of 

acceleration measurements collected from these 24 

accelerometers with known wind conditions are listed  

 

 

 

 

 

in Table 1. The duration of these acceleration data  

samples is one hour and these data were recorded in 

1999. As shown in Table 1, these data samples can be 

classified into three groups i.e., weak wind, typhoon 

and critical wind speed (around 7.5 m/s), depending 

on the mean hourly wind speed calculated from the 

 
Fig.2 Deployment of accelerometers and anemometers on Ting Kau Bridge 

 
Fig. 3 Detailed deployment of 24 accelerometers on bridge deck 

Table 1 Total 19 data samples under different wind conditions provided by benchmark study 

Wind Condition Sample Time duration Mean hourly wind speed (m/s) Note 

Weak wind 

S1 15:00-16:00, 28 Dec 1999 2.00  

S2 15:00-16:00, 18 Feb 1999 3.40  

S3 15:00-16:00, 01 Mar 1999 3.34  

S4 15:00-16:00, 21 Jun 1999 3.41  

S5 15:00-16:00, 24 Jul 1999 6.17  

S6 15:00-16:00, 12 Aug 1999 4.20  

Typhoon 

S7 03:00-04:00, 07 Jun 1999 12.11 Maggie 

S8 02:00-03:00, 23 Aug 1999 15.62 Sam 

S9 06:00-07:00, 16 Sep 1999 21.72 York1 

S10 15:00-16:00, 16 Sep 1999 15.91 York2 

Critical (wind speed around 

7.5 m/s) 

S11 08:00-09:00, 07 Jun 1999 7.36 7-Jun 

S12 22:00-23:00, 16 Sep 1999 7.77 16-Sep 

S13 09:00-10:00, 26 Sep 1999 7.43 26-Sep 

Unknown 

S14 1 hour unknown Acc1 

S15 1 hour unknown Acc2 

S16 1 hour unknown Acc3 

S17 1 hour unknown Acc4 

S18 1 hour unknown Acc5 

S19 1 hour unknown Acc6 

117



 

Tian-Li Huang and Hua-Peng Chen 

anemometers installed on the bridge deck. In addition, 

6 more data samples of acceleration records collected 

from the same accelerometers with unknown wind 

conditions are provided as blind data, as listed in Table 

1. The duration of these data samples is also one hour 

and their record times and their mean hourly wind 

speeds are unknown. These blind data samples include 

2 data samples under weak wind condition, 2 data 

samples under typhoon condition and 2 data samples 

under wind speed around 7.5 m/s. These blind data 

samples are utilised to verify the results by using the 

OMA methods and the proposed indexes for 

determining the robustness of identified modes in this 

paper. 
 

 

3. Operational modal analysis using SSI-DATA and 
SSI-COV 

 
3.1 Data Pre-processing 

 
For the present benchmark study, the number of 

measured accelerations is 24, which is the same as the 

number of uni-axial accelerometers installed on the bridge 

deck. The duration of the acceleration data is one hour and 

the sampling frequency is 25.6 Hz, giving the data points of 

92,160. According to the results shown in Ni et al. (2015), 

the concerned frequencies range in between 0.1 and 0.5 Hz, 

containing at least the first 8 frequencies of Ting Kau 

Bridge. In order to reduce the cost of computation and to 

obtain more clear results, a filtering using the 8th order 

Chebyshew Type I band-pass digital filter within 0.1 to 0.5 

Hz and resampling from 25.6 to 2.56 Hz are performed for 

these measured data, leading to 9,216 data points with a 

frequency range from 0.1 to 0.5 Hz. 

 

3.2 OMA using SSI-DATA and SSI-COV 
 

After the pre-processing, two time-domain OMA 

methods, e.g., the data-driven stochastic subspace 

identification (SSI-DATA) method and the covariance-

driven stochastic subspace identification (SSI-COV) 

method, are employed to extract modal properties such as 

frequencies and mode shapes from the collected 

acceleration measurements under different wind speed 

conditions. 

The SSI-DATA technique directly adopts time domain 

data, without requiring the transfer of the measured data 

into correlations or spectra. On the other hand, the SSI-

COV technique utilises the output covariance matrix or 

correlation of the signals and the mean of the signals is 

assumed to be zero. Both the SSI-DATA and SSI-COV 

techniques identify the state space models on the basis of 

the output measurements by using robust numerical 

techniques, such as singular value decomposition 

(Overschee and De Moor 1996, Peeters and De 

Roeck1999). Once the state space model is determined, it is 

relatively straightforward to extract frequencies, damping 

ratios and associated mode shapes from the stable poles on 

the stabilisation diagram. 

In order to obtain the accurate modal parameters by 

using SSI analysis methods, some problems are needed to 

be carefully handled, such as the model order, the time lag 

parameter etc. (Reynders 2012, Wu et al. 2016b). For 

determining the model order, it is normally resolved by 

fitting high-order models that contain much more modes 

than present in the data through over-specifying the model 

order. Therefore, the stabilisation diagram is used to 

separate the true physical modes from the spurious 

numerical ones. By comparing the poles corresponding to a 

certain model order with the poles of a one-order-lower 

model, the poles are labelled as the stable poles when the 

differences in frequencies, damping ratios and modal 

assurance criteria (MAC) values of mode shapes are within 

the pre-determined threshold. And the spurious poles will 

not stabilise during this sifting process and will be sorted 

out. Therefore, the associated modal parameters can be 

obtained from the stable poles (Reynders 2012). The pre-

determined threshold for stable poles are adopted in this 

paper, in which the relative differences in frequencies, 

damping ratios and modal assurance criteria (MAC) values 

of mode shapes between the adjacent model order are taken 

as 1%, 5% and 1% respectively.  

For the selection of the time lag parameter, it is better to 

compare the identified results with different the time lag 

parameter and choose the most appropriate parameter value 

or average the results with different the time lag parameter 

(Wu et al. 2016b). Only one time lag parameter 20 is 

adopted here according to the criteria proposed by Wu et al. 

2016a. 

In the present study, a Matlab toolbox - MACEC 3.2 

developed by Reynders et al. (2011) in which the SSI-

DATA and SSI-COV method are included, is utilized to 

identify the structural modal parameters, such as the 

frequencies, mode shapes and damping ratios. The 

stabilisation diagrams for three typical data samples (S2, S7 

and S12) using both the SSI-DATA and SSI-COV 

techniques are shown in Fig. 4. These stabilisation diagrams 

are different under various wind speed conditions, which 

can be used for a qualitative judgement on the excitation 

levels. In the typhoon condition (S7), the identified first 8 

frequencies are clearly indicated on the stabilisation 

diagrams, as shown in Figs. 4(c) and 4(d). In the weak wind 

condition (S2), the second and the fifth frequencies are not 

shown on the stabilisation diagrams, as given in Figs. 4(a) 

and 4(b). In the condition when the wind speed is around 

7.5 m/s (S12), the stabilisation diagrams shown in Figs. 4(e) 

and 4(f), are not as good as those under the typhoon 

condition. However the frequencies are still shown on the 

stabilisation diagrams except the fifth frequency on the 

stabilisation diagram using SSI-COV technique, as shown 

in Fig. 4(f). 

The identified frequencies from the known data for case 

S1-S13 by both the SSI-DATA and SSI-COV techniques are 

summarised in Tables 2 and 3, respectively. It is shown that 

the identified results by using the SSI-DATA method are 

almost the same as the ones by using the SSI-COV method. 
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(a) Case S2 using SSI-DATA (b) Case S2 using SSI-COV 

  
(c) Case S7 using SSI-DATA (d) Case S7 using SSI-COV 

  
(e) Case S12 using SSI-DATA (f) Case S12 using SSI-COV 

Fig. 4 The stabilisation diagrams for three typical data samples using both the SSI-DATA and SSI-COV techniques. 

(The criteria are 1% for frequencies, 5% for damping ratios, and 1% for the mode shape correlations. The used symbols 

are: „○+ ‟ for a stable pole; „.v‟ for a pole with stable frequency and vector; „.d‟ for a pole with stable frequency and 

damping; „.f‟ for a pole with stable frequency and „。‟ for a new pole. The red circles on the stable poles are chosen for 

identified modal parameters. ) 

Table 2 Identified frequencies (Hz) of the first 8 modes under different wind speed conditions using SSI-DATA 

technique 

Mode No. 
Weak wind  Typhoon  Wind speed around 7.5m/s 

S1 S2 S3 S4 S5 S6  S7 S8 S9 S10  S11 S12 S13 

1 0.161 0.161 0.161 0.165 0.165 0.165  0.167 0.164 0.164 0.164  0.168 0.165 0.168 
2 - - - - - -  0.228 0.228 0.227 0.227  0.228 0.228 0.226 
3 0.254 0.254 0.256 0.256 0.255 0.259  0.264 0.264 0.260 0.260  - 0.264 0.265 
4 0.286 0.286 0.283 0.285 0.282 0.284  0.291 0.292 0.287 0.287  0.282 0.290 0.291 
5 - - - - - -  0.298 0.301 0.297 0.297  0.301 0.301 - 
6 0.307 0.311 0.304 0.313 0.311 0.317  0.324 0.324 0.319 0.319  0.315 0.322 0.323 
7 0.358 0.364 0.360 0.359 0.357 0.358  0.361 0.361 0.358 0.358  0.361 0.363 0.366 
8 0.372 0.374 0.374 0.372 0.371 0.373  0.374 0.374 0.375 0.374  0.376 0.380 0.377 
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As shown in Tables 2 and 3, the identified frequencies 

range between 0.15 Hz and 0.40 Hz. In the typhoon 

condition (S7 to S10), all the identified first eight 

frequencies are almost the same as the results of Ni et al. 

(2015). However, in the weak wind conditions (S1 to S6), 

the 2nd and 5th frequencies cannot be identified in this 

study. When the wind speed is around 7.5 m/s (S11 to S13), 

the second frequencies are clearly identified in all data 

samples using both SSI-DATA and SSI-COV techniques. 

However, there are some frequencies in certain data 

samples cannot be identified using SSI-DATA or SSI-COV 

technique, e.g., the 3rd frequency in sample S11 and the 5th 

frequency in sample S13 using SSI-DATA, the 3rd 

frequency in sample S11 and the 5th frequency in samples 

S12 and S13 using SSI-COV. 

 

 
4. Modal contribution index for mode identifiability 

 

On the basis of the SSI-DATA method, the modal 

contribution indexes of all identified modes to the measured 

vibration data are computed by using the Kalman filter, and 

their feasibility to evaluate the robustness of identified 

modes is also investigated in this study. It should be noted 

that the modal contribution indexes of identified modes 

currently cannot be computed from the SSI-COV method 

with the Kalman filter. The identified modal parameter 

results by using SSI-COV method are only provided in the 

paper to further validate the identified results by using SSI-

DATA method. 

 

4.1 Modal contribution index 
 

Given the measured accelerations, the state space model 

matrices can be estimated by using the SSI-DATA technique. 

Modal parameters can be directly extracted from the model 

matrices. A procedure to estimate the acceleration from 

individual identified modes using the Kalman filter has 

been proposed by Cara et al. (2013).  

For an dn
 

degree-of-freedom (DOF) structure with 

proportional damping, the acceleration response of DOF n, 

na , can be expressed as the superposition of modal 

acceleration of all dn modes 

d

m

n

m

n

m

nn nndn ,,2,1,21    (1) 

 

 

 

where na  is the acceleration response of DOF n; nd
m

na is the 

dn -th theoretical modal acceleration of DOF n. The 

theoretical modal accelerations of all DOFs can be 

determined by using the mode-superposition method 

(Chopra 2005). 

According to the proposed procedure by Cara et al. 

(2013), the modal accelerations of all DOFs can be 

estimated by using the Kalman filter, namely 

d

k

n

k

n

k

nn nndn ,,2,1,21    (2) 

where nd
k

na is the dn -th estimated modal acceleration of 

DOF n. The research on an 8 DOF structure under white 

noise excitation shows that the theoretical modal 

accelerations are almost the same as the estimated modal 

accelerations (Cara et al. 2013). 

Due to the inevitable error between the theoretical and 

estimated modal accelerations by using the Kalman filter 

method, the acceleration response of DOF n is now 

expressed as 

dn

k

nn

k

n

k

n

k

nn nndn ,,2,1,21 
    (3a) 

where
'k

na  is the estimated acceleration of DOF n;
'

na  is the 

error between the theoretical and estimated acceleration of 

DOF n.  

For large civil engineering structures with infinite 

DOFs, only few lower order modes can be identified from 

the measurements, and then the corresponding modal 

accelerations can be estimated. Here the number of 

identified modes mn ( m dn n ) is assumed to be identified.  

Then Eq. (3(a)) is rewritten as 

dn

k

nn

k

n

k

n

k

nn nndn ,,2,1,21     (3b) 

where k

na  is the estimated acceleration of DOF n by 

using the Kalman filter method based on the identified 

mn modes; na  is the error between the theoretical and 

estimated acceleration of DOF n. 

Assuming on
 
measurement locations with N data 

points, where on  is normally less than the number of 

DOF dn , the measured accelerations can be expressed 

as the superposition of estimated accelerations and 

Table 3 Identified frequencies (Hz) of the first 8 modes under different wind speed conditions using SSI-COV 

technique 

Mode 

No. 

Weak wind  Typhoon  Wind speed around 7.5m/s 

S1 S2 S3 S4 S5 S6  S7 S8 S9 S10  S11 S12 S13 

1 0.162  0.162  0.163  0.164  0.164  0.165   0.166  0.164  0.165  0.166   0.168  0.165  0.169  

2 - - - - - -  0.227  0.227  0.227  0.226   0.228  0.229  0.227  

3 0.255  0.256  0.258  0.257  0.253  0.260   0.263  0.264  0.259  0.260   - 0.264  0.265  
4 0.289  0.291  0.289  0.289  0.287  0.289   0.290  0.293  0.287  0.289   0.282  0.292  0.291  

5 - - - - - -  0.298  0.301 0.297 0.302   0.303  - - 

6 0.309  0.316  0.313  0.316  0.316  0.320   0.322  0.323  0.319  0.317   0.315  0.322  0.323  
7 0.358  0.364  0.360  0.359  0.357  0.358   0.361  0.361  0.358  0.359   0.360  0.361  0.360  

8 0.373  0.372  0.373  0.373  0.371  0.373   0.374  0.372  0.374  0.373   0.374  0.379  0.377  
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error. These accelerations are then rearranged in the 

following matrix form 

Nn
nnn
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(4) 

Multiplying by the transpose of A  and retaining only 

the diagonal elements, the Eq. (4) can be transformed as 

follows 

T k T T
AA = A A + A A  (5) 

 

     T k T T

D D D


AA = A A + A A  (6) 

where  
D

  is the diagonal operator, i.e., giving a matrix 

only consisting of the diagonal elements of the matrix and 

zeros elsewhere. Normalised Eq. (6), it gives 

           
 

1 1 1

1
o

T T T k T T T

D D D D D D

kn





  

 

AA AA = AA A A + AA A A

Δ + Δ

 (7) 

where  1
on

is a column vector with on  elements of a 

single value of unity; kΔ  and Δ  are column vectors 

representing the diagonal of matrix    
1

T k T

D D



AA A A  and 

   
1

T T

D D




AA A A , respectively.  

According to Eq. (7), the element i of vector  k iΔ and

 iΔ , where ,,,2,1 oni  are defined as the 

contribution of the identified modes and the associated 

contribution of the error to the vibration measurement i, 

respectively. The total contribution of both the modes and 

the error is equal to unity in each measurement. In addition, 

the global contribution of the modes k and the global 

contribution of the error  are defined as the mean value of 

the corresponding vector, respectively 

   
1 1

1 1
, 1

o on n

k k k

i io o

i i
n n

     
 

     Δ Δ  (8) 

Using Eq. (3(b)), the measurement matrix A  can be 

expressed as the superposition of the estimated modes and 

the error 

AAAAA mnkkk
 21  (9) 

Using the same procedure, one can obtain Eq. (10) as 

follows 

                 1 2
1 1 1 1

1 nm

o

kk kT T T T T T T T

n D D D D DD D D


   

   AA A A AA A A AA A A AA A A
 
(10) 

By retaining only the diagonal of the matrices, one can 

get the Eqs. (11) and (12) as follows 

 
mnkkkn 210

1  (11) 

 

 
1 1

1
1

o m

j j j

n n

k k k k

i jo

i
n

     
 

      Δ  (12) 

 

where  
jk iΔ  is the contribution of the identified mode j to 

the measurement i; 
jk is the contribution of the identified 

mode j to the total measurement.  

 

4.2 Estimated modal contribution index value 
 

The modal contribution indexes of the identified 

modes to the total measurements for S1 to S13 are 

estimated and summarised in Table 4. The modal 

contribution indexes for three typical data samples (S2, 

S7 and S12) are also shown in Fig. 5 for more detailed 

illustration. 

As shown in Fig. 5(a) and Table 4, in the weak 

wind conditions, the total modal contribution index of 

all identified 6 modes are less than 0.670 and the mean 

value is 0.635, which means that the contribution of 

the identified modes is lower, and approximately  

37.5% of the total measured accelerations are noise 

and estimated error. The contributions of the 2nd and 

5th modes to the total measurement are so small that 

they cannot be identified in this excitation level.  

In the typhoon conditions, as shown in Fig. 5(b) 

and Table 4, the total modal contribution index of all 

identified 8 modes are more than 0.810 and the mean 

value is 0.836, indicating that the contribution of the 

modes is much higher and only around 16.4% of the 

total measured acclamations are noise and estimated 

error. For the 2nd mode that was not identified in the 

weak wind conditions, it can be seen that their 

contributions to the total measurement are more than 

3.7% in the typhoon conditions. It could be the reason 

why they can be clearly identified in the typhoon 

conditions. For the 5th mode, their contributions to the 

total measurements are only around 1%. Although it 

can be identified, the robustness may not be stable.  

When the speed wind is around 7.5 m/s, the value 

of total modal contribution index of all identified 

modes are higher than the values in the weak wind 

conditions and even higher than the values in the 

typhoon conditions in some cases such as S12, as 

shown in Fig. 5(c) and Table 4. The mean value for 

this wind condition is 0.787. For the 2nd mode, its 

contribution to the total measurement is more than 

2.2%, making it clearly identifiable. For the 5th mode, 

its contribution to the total measurement is less than 

1%, which is still identifiable. However, its robustness 

may be weak. In addition, the 3rd mode in case S11 

and the 5th mode in case S13 cannot be identified due 

to their very low contributions to the total 

measurements. 
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In summary, as wind speed becomes higher, more 

modes will be excited and identified, since their 

contributions to the total measurement will be higher. 

The robustness of identified modes may be judged by 

using their modal contributions to the measured 

vibration data. 

It should be pointed that the modal contributions of 

the measured vibration data are generally influenced 

by the intensity and distribution of the ambient 

excitation. Based on these results listed in this paper, 

currently it is difficult to give an exact value of modal 

contribution index to judge the mode identifiability. 

Taking the Mode 5 in the typhoon condition as  

example, the robustness of identified mode shapes 

may be doubtful due to their low modal contribution 

indexes. Therefore, in order to get a more reliable and 

robust identified mode result, the critical value of 

modal contribution index 2% is roughly suggested for  

 

 

 

 

 

this benchmark problem due to the majority of modal 

contribution index values corresponding to the 

identifiable modes in Table 4 are larger than 2%. 
 

 

5. Mode identifiability on the blind data samples 
 

The identified frequencies from the six data samples 

with unknown wind condition by using both the SSI-DATA  

and SSI-COV techniques are summarised in Table 5. It 

is shown that the identified results by using the SSI-DATA 

method are almost the same as the ones by using the SSI-

COV method. As shown in Table 5, the identified 

frequencies are all within the range between 0.15 Hz and 

0.40 Hz. For the case S14, S15 and S17, all the first 8 

frequencies can be clearly identified, which is the same as 

the Typhoon condition. For the cases S18 and S19, the 2nd 

and the 5th frequencies cannot be identified, which is the 

same as the weak wind condition. 

 

 
(a) S2 ( k =0.577) 

 
(b) S7 ( k =0.820) 

 
(c) S12 ( k =0.829) 

Fig. 5 The modal contribution indexes of the identified modes to the total measurement for three typical data 

samples (S2, S7 and S13) 

Table 4 Modal contribution indexes for identified modes to the total measurements 

Mode 
No. 

Weak wind  Typhoon  Wind speed around 7.5m/s 

S1 S2 S3 S4 S5 S6  S7 S8 S9 S10  S11 S12 S13 

1 0.260 0.260 0.237 0.266 0.213 0.238  0.233 0.195 0.191 0.160  0.232 0.232 0.182 

2 - - - - - -  0.039 0.037 0.040 0.074  0.061 0.022 0.064 

3 0.068 0.054 0.080 0.087 0.055 0.103  0.084 0.090 0.044 0.062  - 0.102 0.083 
4 0.082 0.085 0.064 0.082 0.072 0.048  0.148 0.118 0.104 0.148  0.063 0.125 0.225 

5 - - - - - -  0.008 0.006 0.014 0.008  0.008 0.009 - 

6 0.058 0.054 0.053 0.045 0.051 0.049  0.155 0.109 0.124 0.252  0.055 0.206 0.185 
7 0.117 0.057 0.113 0.114 0.153 0.149  0.090 0.150 0.181 0.105  0.218 0.082 0.032 

8 0.074 0.067 0.080 0.075 0.069 0.077  0.063 0.149 0.112 0.048  0.093 0.051 0.027 

Total 0.660 0.577 0.627 0.668 0.613 0.664  0.820 0.856 0.811 0.857  0.730 0.829 0.803 

Mean 0.635  0.836  0.787 
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For the case S16, only the 3rd frequency cannot be 

identified, which is probably the critical condition. Based 

on the analysis on these identified frequencies, it can be 

preliminarily concluded that cases S14, S15 and S17 are in 

the Typhoon condition, cases S18 and S19 are in the weak 

wind condition, and case S16 is in the condition with wind 

speed of around 7.5 m/s. As shown in Fig. 6, the 

stabilisation diagrams for three data samples (S14, S16 and 

S18) using both the SSI-DATA and SSI-COV techniques 

can be further used to confirm the preliminary conclusions.  

To further validate the preliminary conclusions, the 

modal contribution indexes of the identified modes to the 

total acceleration measurements for S14 to S19 are 

estimated and summarised in Table 6. The modal 

contribution indexes of the identified modes to the total 

measurements for three typical data samples (S14, S16 and 

S18) are shown in Fig. 7.  

For cases S14, S15 and S17, as shown in Fig. 7(a) and 

Table 6, the total modal contribution indexes of all 

identified 8 modes are 0.828, 0.819 and 0.825, respectively,  

which are almost the same as those for S7 to S10 and S12. 

The stabilisation diagram in Fig. 7(a) is also similar to Fig. 

4(c). It may be rationally concluded that cases S14, S15 and 

S17 are either the typhoon cases or the critical cases 

considering that the distinction between the typhoon cases 

and the critical cases is not very clear, e.g., the modal 

contribution index for Case S12 is similar to those for Cases 

S7 to S10, as shown in Table 4. 

 

 

 

 

 

 

 

 

 

 

 

For case S16, the total modal contribution index of all 

identified modes are 0.722 and the 3rd frequency cannot be 

identified, as shown in Fig. 7(b) and Table 6. All these 

results are almost the same as those for the case S11. It can 

be rationally concluded that case S16 is in the critical 

condition. 

For cases S18 and S19, the total modal contribution 

indexes of all identified 6 modes are 0.682, which is almost 

the same as those for S1 to S6, as shown in Fig. 7(c) and 

Table 6. The stabilisation diagram in Fig. 7(c) is also similar 

to Fig. 4(a). In addition, the contributions of the 2nd and 5th 

modes to the total measurement are also too low to be 

identified in this excitation level. It can be rationally 

concluded that cases S18 and S19 are in the weak wind 

condition. 

 

 

6. Conclusions 
 

This study presents an in-depth investigation on a 

benchmark problem about the mechanism on the mode 

identifiability of a cable-stayed bridge using real monitored 

acceleration data under different excitation conditions. Two 

time-domain OMA methods, the SSI-DATA and SSI-COV 

techniques, are adopted to identify the modal parameters 

from ambient acceleration measurements. 

 

Table 5 Identified frequencies (Hz) of the first 8 modes from the blind data using SSI-DATA and SSI-COV 

techniques 

Mode No. 
SSI-DATA  SSI-COV 

S14 S15 S16 S17 S18 S19  S14 S15 S16 S17 S18 S19 

1 0.168  0.168  0.164  0.166  0.162  0.161   0.169  0.169  0.165  0.166  0.163  0.162  

2 0.227  0.228  0.229  0.229  - -  0.227  0.228  0.228  0.229  - - 
3 0.264  0.264  - 0.262  0.256  0.252   0.265  0.264  - 0.262  0.258  0.254  

4 0.291  0.291  0.283  0.293  0.285  0.280   0.291  0.291  0.283  0.293  0.290  0.287  

5 0.300  0.303  0.301  0.303 - -  0.303  0.300  0.305  0.305  - - 
6 0.323  0.322  0.314  0.321  0.307  0.311   0.322  0.321  0.321  0.320  0.312  0.316  

7 0.362  0.361  0.357  0.360  0.359  0.360   0.361  0.360  0.358  0.359  0.359  0.360  

8 0.379  0.376  0.373  0.375  0.374  0.374   0.376  0.373  0.372  0.374  0.373  0.373  

Table 6 Modal contribution index value for identified modes to the total measurements 

Mode No. 
Modal contribution index value 

S14 S15 S16 S17 S18 S19 

1 0.218 0.207 0.240 0.224 0.241 0.241 
2 0.073 0.046 0.045 0.018 - - 
3 0.066 0.088 - 0.100 0.085 0.085 
4 0.221 0.134 0.074 0.117 0.072 0.072 
5 0.011 0.009 0.011 0.015 - - 
6 0.157 0.192 0.088 0.200 0.061 0.061 
7 0.036 0.038 0.182 0.093 0.154 0.154 
8 0.047 0.106 0.082 0.057 0.070 0.070 

total 0.828 0.819 0.722 0.825 0.682 0.682 
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A modal contribution index measuring the contribution 

of identified mode to the measured vibration data using the 

Kalman filter is proposed to evaluate the robustness of 

identified modes. This benchmark study shows that the 

robustness of identified modes can be judged by using their 

modal contributions to the measured vibration data. A 

critical value of modal contribution index for a reliable and 

robust identified mode is roughly suggested to take as 2% 

for this benchmark problem. 

 

 

 

 

 

 

 

It should be noted that the identified modal parameters 

may be affected not only by the excitation intensity (e.g., 

the magnitude of wind speed), but also by the excitation 

sources (e.g., wind and traffic) and the excitation direction 

(e.g., the wind directions) etc. The modal contribution index 

should be used to assess the robustness of the identified 

modes, together with other methods. 

 

 

 

 

 

 

  
(a) Case S14 using SSI-DATA (b) Case S14 using SSI-COV 

  
(c) Case S16 using SSI-DATA (d) Case S16 using SSI-COV 

  
(e) Case S18 using SSI-DATA (f) Case S18 using SSI-COV 

Fig. 6 The stabilisation diagrams for three data samples (S14, S16 and S18) using both the SSI-DATA and 

SSI-COV techniques (The criteria are 1% for frequencies, 5% for damping ratios, and 1% for the mode 

shape correlations. The used symbols are: „○+ ‟ for a stable pole; „.v‟ for a pole with stable frequency and 

vector; „.d‟ for a pole with stable frequency and damping; „.f‟ for a pole with stable frequency and „。‟ for a 

new pole. The red circles on the stable poles are chosen for identified modal parameters. ) 
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