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Abstract 
The development of efficient vibration-based Structural Health Monitoring (SHM) methodologies capable 

to timely detecting the onset of anomalies and possible damage in structures is still a challenging task, 

especially for large infrastructures, complex constructions and historic buildings. SHM strategies are often 

based on the automated extraction of the modal parameters from the signals collected during normal 

(operational) conditions and different approaches have been proposed in the literature for the automation 

of Operational Modal Analysis (OMA).Within this context, the paper focuses on the development of a 

new automated OMA procedure, which involves the construction and the automated interpretation of tri-

dimensional stabilization diagrams, avoiding the initial tuning of the input parameters characterizing the 

SSI techniques and resulting in modal estimates with improved accuracy. The algorithm is exemplified 

through its application to data collected by continuous dynamic monitoring of two different bridges. 

 

1 Introduction 

Structural Health Monitoring (SHM) is generally defined as a multistage approach that interests several 

disciplines, mainly developed to identify the structural performance and the health state of structures, 

providing useful information about their structural conditions. The main goals of SHM procedures are also 

aimed at defining the tracking and the continuous assessment of those characteristics that tend to degrade 

during life-cycle in order to evaluate the vulnerability and to plan a strategy of minimal intervention and 

maintenance especially for Cultural Heritage structures. Among the different approaches for SHM, one of 

the most popular is based on Operational Modal Analysis (OMA) techniques. In fact, in the last decades, 

several techniques of SHM based on vibration monitoring and operational modal analysis have received 

an increasing attention in the field of Civil Engineering structures, because the extracted features (i.e. 

natural frequencies and mode shapes) are particularly suitable for damage detection strategies [1]. This 

could be mainly due to the recently technological advances that make easier and faster the installation of 

simple monitoring systems on strategic structures, such as large infrastructures, complex constructions and 

historic buildings. However, it is essential to create robust routines aiming at managing huge quantity of 

data, performing a continuous monitoring of collected records and making an automated detection of 

possible anomalies in the  structural behavior. All these tasks still require many efforts to be reached in 

automatic way. Thus, the implementation of efficient tools apt to avoid the human interaction and mimic 

the user’s choice is still a challenge task [2]. Still, some important goals have been achieved through the 

continuous analysis of modal parameters. In fact, the continuous extraction of modal parameters 

represents the base-step for the success of damage detection algorithm based on OMA procedure. One of 
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the available techniques is the well-known non-parametric method described in Brinker et al. [3], the 

Frequency Domain Decomposition (FDD) method. Nowadays, it still remains one of the more used 

methods for the identification problems. This probably depends on the fact that its easy interpretation of 

results maintains a straightforward physical meaning. Along the time, many applications were developed 

using this technique providing good results in terms of natural frequencies and mode shapes. 

Notwithstanding, few limitations concerning practical applications affect this method, as the strongly 

dependency of the estimates on the used frequency resolution, its inadequacy in the estimation of the 

modal damping ratios and the difficulty to easily detect closely space modes. These reasons have led to the 

development of further complex approaches based on more sophisticated algorithms that solve such 

limitations, such as the parametric methods based on the fitting of a numerical models based on 

experimental data [4,5]. In this work, the focus is on one of the most used methods that involves a discrete 

state-space model obtained through correlation and cross-correlation functions of the collected signals: the 

Covariance-driven Stochastic Subspace Identification (SSI-Cov) method. As well known, the application 

of a parametric method requires the definition of initial input parameters that need to be tuned in the initial 

phase, in order to obtain a good performance of the algorithm and provide satisfactory results [6]. The 

present work wants to provide a further improvement in the automation of the SHM approach based on the 

use of SSI-Cov method avoiding the choice of the time-lag parameter used to construct the correlation 

matrix. Following this way, the developed methodology consists of a further step to make fully automated 

the identification process, eliminating the expert user’s interaction in the initial phase and introducing the 

concept of tri-dimensional stabilization diagrams. 
 

The organization of this paper is as follows: in Section 2, the SSI method and the concept of tri-

dimensional stabilization diagrams, as well as the main issues associated to the interpretation of stable 

planes are described. In Section 3, the proposed procedure of automated modal identification is presented 

in detail highlighting the cleaning action performed by each check of the developed methodology. In 

Section 4, after a brief description of the Infante D. Henrique Bridge, the modal parameters are firstly 

extracted from a single data-set and subsequently analyzing one month long period of continuously 

collected data. In Section 5, the methodology is used to extract the modal parameter of an important 

Cultural Heritage structure located in the neighbors of Milan: the San Michele Bridge and to track the 

evolution in time of the most relevant modes. Finally, some conclusions and observations are discussed in 

the last Section. 

2 Covariance-driven subspace identification method and 

construction of tri-dimensional stabilization diagrams 

The SSI-Cov method is a robust identification technique generally chosen because of its stability and 

convergence. As shown in Fig. 1 the set of modal parameters are extracted from collected data following 

several steps. Exemplifying, starting from equations of a discrete-time deterministic-stochastic state space 

model for a general case (see Fig 1), a simpler set of equations is used for output-only technique, assuming 

the excitation is modelled as a white noise. The method is aimed at identifying the state matrix A, which 

contains all the dynamic properties of the system, and the output matrix C. These matrices are obtained 

through a series of operations that begin with the construction of the correlation matrix of the measured 

responses. Then, the resulting data is consecutively organized in a Toeplitz matrix [5], which it is 

decomposed by the Singular Value Decomposition (SVD) procedure and the so-called observability 

matrix is extracted from its factorization. Adopting some properties concerning the stochastic linear 

system and through the resolution of a least-square equation (using the Moore-Penrose pseudo-inverse 

procedure) is possible to define the matrices A and C. Finally, after the identification of the state-space 

model, the modal parameters can be easily extracted from matrices A and C. But, it is worth mentioning 

that the identification of the state-space model requires a-priori definition of the time-lag value and the 

order of the model used to characterize the dynamics of the structure under analysis. For simple academic 

structures or numerical models both values can be easily selected to fit the experimental data and obtain a 

realistic characterization of the dynamic properties. In fact, the model order can be fixed equal to the 

double of the degrees of freedom of the structure, and the minimum time-lag value can be defined 

2874 PROCEEDINGS OF ISMA2018 AND USD2018



respecting an appropriate combination between order of the model and the number of reference channels, 

as well described in [7]. On other hand, in case of real structure it is not possible to fix a-priori these 

parameters; thus an initial “tuning” becomes mandatory to find the best pair of them that characterize the 

dynamic behavior of the investigated system. The definition of both parameters to detect the state-space 

model is not straightforward and it is difficult, or even impossible, to define the combination that provides 

the best solution to the identification problem.  
 

In fact, in common practice, it is common to explore a wide interval of both input parameters and the most 

appropriate way to overcome this problem is to fix the time-lag value and overestimate the model order. 

Normally, the estimation is carried out for increasing model order fixing the maximum order much higher 

than the double number of the expected modes. But, the use of very high model orders leads to the 

introduction of spurious poles (also called numerical modes) that  do not have a physical meaning and that 

are directly associated to the noise content in the collected signals. For these reason, the spurious modes 

should be detected and removed before delivering a consistent set of modal parameters. Otherwise, the use 

of an incorrect time-lag value can affect the estimation of the modal parameters, leading to an incorrect 

characterization of the structural behavior. In common practice, this important parameter is initially 

adjusted in order to obtain consistent estimates of the expected modes. More specifically, the time-lag 

parameter is used to define the length of the covariance and cross-covariance functions of the collected 

signals to construct the covariance matrix, then it is subsequently used to define the dimensions of the 

Toeplitz matrix involved to estimate the matrices A and C. So, an initial “tuning” of both input parameters 

is mandatory. But, there is no certainty that the “tuned” pair is the best set for all data-sets collected during 

the continuous monitoring process. For this reason, in order to provide a solution to this uncertainty, in the 

proposed methodology the construction of tri dimensional stabilization diagrams is involved. This work 

wants to provide a further contribution in the context of OMA applications, avoiding the characterization 

of the time-lag and model order and overcoming the uncertainty related to the ad hoc selection of these 

parameters. 

 

Figure 1: Flowchart of the SSI-Cov method 

3 Proposed methodology for automated modal parameters 

estimation 

As previously stated, the main objective of this paper is to present an efficient methodology to perform the 

automatic identification of the modal parameters, avoiding the initial tuning of the input parameters of the 

parametric method. To reach this task, increasing model order and increasing time-lag values were chosen 

in a conservative way and the automated procedure, composed by four different steps aimed at mimicking 

the choice of an expert user during the identification process, was applied. Each step is described in the 

following: 

1. Application of SSI-Cov method (or other parametric method with similar outputs) to collected 

structural responses and construction of the tri-dimensional stabilization diagram. 
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2. Removal of spurious poles applying three threshold criteria based on modal damping ratio value 

and on the complexity degree of the mode shapes associated to each estimates. 

3. Interpretation of the clearer 3D stabilization diagram through an innovative clustering procedure 

generalized to the complex modes. 

4. Removal of possible replications of the structural modes and outliers values in order to deliver an 

accurate set of modal estimate. 
 

Once the SSI method is performed for increasing time-lags and increasing model orders, the consecutive 

step consists of a series of checks aimed at detecting and removing spurious poles from the 3D 

stabilization diagram. First discrimination between spurious and physical poles was performed using a 

pre-selected damping ratio threshold. In fact, in normal operating conditions, current civil engineering 

structures are slightly damped. For this reason highly damped modes (i.e. modes with damping ratio larger 

than 10%) are conceivably associated to the noise content and removed. Furthermore, estimates exhibiting 

negative damping are also removed. Further, single-mode validation criteria were adopted to detect noise 

modes, using the Modal Phase Collinearity (MPC) index and the Mean Phase Deviation (MPD) index. 

Both indices are based on the quantification of the complexity degree of the mode shapes. As known, 

when the structural system is proportionally damped, the mode shapes are real and the components lie on a 

straight line in the complex plane, this means that the covariance between the imaginary and real part of 

each component can be used as a measure of the complexity degree, through the MPC index; in addition, 

the distance between the best straight line associated to the mean component of mode shape and every 

single (weighted) component can also be used as single-criterion check, with the MPD index, as shown in 

[2]. Once most of spurious poles are removed from the diagram, the third step of the proposed 

methodology is the clustering procedure. This procedure is inspired by the contribution firstly proposed by 

Magalhaes et al. [8] and modified in the recent publishing by Cabboi at al. [9]. Furthermore, in order to 

generalize the procedure extending the approach to all possible cases such as modes with relevant 

complex components, the limitation related to the MAC index was removed using the MACX index [10]. 

Using this metric, the clustering process has been developed with the objective of grouping all poles that 

share same characteristics in terms of natural frequencies and mode shapes. 
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where di,ref  represents the inter-cluster distance, obtained by the distance between each candidate pole and 

the reference pole of the cluster, fi,ref  and ϕi,ref represent the mean frequency and mean mode shape of the 

reference pole updated for increasing model order, whereas fi,,j and ϕi,,j are the same modal parameters 

corresponding to j-th “current pole”. The procedure is repeated in order to scan all available poles and it is 

stopped only when all poles are grouped into the clusters. As demonstrated in several works present in 

literature [2,8,11] the noise modes do not have consistency in terms of modal parameters and they are 

spread inside many small clusters, then all those clusters with dimensions less of one third of the tallest 

cluster are considered as numerical modes and then deleted. In current application, this condition could be 

really restricted, therefore in a conservative perspective this value has been halved, reducing this limit to 

n/6, where n is the number of elements belongs to the biggest cluster. The last step of the proposed 

methodology is composed by three subsections, where each one is aimed at improving the accuracy of the 

final modes estimations. The first check consists of a further clustering procedure based on agglomerative 

approach. The procedure consists of an application of a k-mean cluster algorithm in which the centroids of 

the clusters are known and they have been already defined by the mean frequencies and mean mode 

shapes provided by the previous cluster procedure. This operation is performed in order to recovering any 

possible estimates lost during the initial association phase and removing others that fall inside the defined 

threshold due to continuous updating of the reference cluster pole. The second check is aimed at removing 

any possible replication of the physical modes in the stabilization diagram. In fact, as also mentioned in 

[9], for high value of time-lag a stable alignment that represents a structural mode could splits into two 

close alignments providing an incorrect association during the clustering procedure. This check tends to 

avoid this possibility recognizing possible replication and deleting that one with higher complexity 

component. The last accuracy check is aimed at reducing the scatter that could affect the estimates. The 

removal of the outliers is performed by applying simple rules based on the so called “box-plot” tool, as 
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described in [12]. In case of 3D diagram this check was carried out on both distributions of natural 

frequencies and damping ratios, separately. Finally, the delivered outputs obtained by the application of 

developed methodology are: mean natural frequency, mean mode shape and median modal damping ratio 

belonging to each detected cluster. The efficiency of the proposed algorithm was initially tested using a 

single dataset collected on Infant D. Henrique Bridge. For the initial test, the time-lag value was fixed at 

50 and model order interval was chosen in conservative way between 20 and 100, as already done in 

previously published papers [1,8].  

 

(a) 

  

(b) 

  

(c) 

  

(d) 

  

Figure 2: Stabilization diagram: (a) obtained SSI-Cov outputs; (b) after check on damping and modal 

complexity; (c) after clustering process; (d) after post processing check. 

Fig. 2 shows the 2D stabilization diagrams and the corresponding frequency vs damping diagrams 

obtained after the cleaning action exerted by the main checks of the methodology previously described. In 

details: i) Fig. 2(a) shows all output poles obtained by the SSI-Cov method, ii) Fig. 2(b) shows the remain 

poles after the checks on modal damping ratio and on mode shape complexity, iii) Fig. 2(c) highlights the 

performance of the clustering process and iv) finally Fig. 2(d) contains the stable alignments and damping 

values after the removal of the outliers. It is worth mentioning that there is a very good correspondence 

between all 16 stable alignments that stand on in the stabilization diagram and well-defined spectral peaks 

obtained using the non-parametric FFD method. Furthermore, the extension of the investigated frequency 

interval to 5.5 Hz, with regard to previously published results, shows 4 further modes of the bridge that 

deserve a deeper investigation. To compete the first test of the developed procedure using a fix time-lag 

value, the automatically identified modal parameters of the bridge (in term of natural frequencies, modal 
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damping ratio and standard deviations of the estimates) together with the complexity indices associated to 

the obtained mode shapes estimates, are summarized in Table 1. Moreover, the mode shapes associated to 

the identified modes are shown in Fig. 3. 

 

n° Mode f  [Hz] σ(f)* [Hz] ξ  [%] σ(ξ)* [%] MPC MPD 
1 L1 0.777 0.0001 0.47 0.0007 0.994 2.75 
2 V1 0.823 0.0004 0.87 0.0079 1.000 0.72 
3 V2 1.145 0.0001 0.48 0.0056 1.000 0.56 
4 V3 1.414 0.0003 0.42 0.0134 1.000 0.42 
5 L2 1.751 0.0001 0.44 0.0103 0.989 3.64 
6 V4 2.013 0.0003 0.42 0.0164 1.000 0.37 
7 T1 2.228 0.0015 0.42 0.0229 1.000 0.45 
8 V5 3.035 0.0024 0.51 0.0571 1.000 0.51 
9 T2 3.340 0.0016 0.86 0.0145 0.997 1.60 

10 V6 3.519 0.0002 0.44 0.0115 0.996 2.36 
11 T3 3.766 0.0005 0.53 0.0088 0.990 2.36 
12 V7 4.379 0.0029 0.65 0.0626 0.999 1.57 
13 V8 4.659 0.0061 0.70 0.1737 0.857 15.99 
14 T4 4.752 0.0004 0.53 0.0042 0.992 2.15 
15 T5 5.207 0.0002 0.72 0.0034 0.975 4.01 
16 V9 5.273 0.0002 0.39 0.0025 0.999 0.94 

Table 1: Modal parameters, standard deviations and complexity indices of modes shapes obtained. 

*calculated from the estimates included in the same cluster 

It should be noticed that: a) an excellent correspondence between the obtained results and those already 

published in literature, in terms of natural frequency mode shapes and also modal damping ratio is shown, 

b) the standard deviation of the natural frequency estimates and also of the damping ratios are lower than 

those obtained with other OMA techniques, c) extending the investigated frequency range to 5.5 Hz, the 

proposed automatic algorithm detects four further modes not identified in the previous works.  

 

Figure 3: Vibration modes automatically identified by the proposed methodology (green line, blue line, 

red line are referred to lateral, vertical upstream and vertical downstream components, respectively). See 

Fig. 4 for location of the sensors.  
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4 First case of study: Infante D. Henrique bridge 

The first real structure herein considered to demonstrate the robust performance of the developed 

methodology is the Infante D. Henrique Bridge. It crosses the Duoro River and connects the city of Porto 

to Gaia. 

4.1 Description of the bridge 

The Infante D. Henrique Bridge is composed of two mutually interacting fundamental elements: a very 

rigid pre-stressed concrete box beam supported by a reinforced concrete arch with a span of 280m that 

rises 25m from abutments and crown. After its construction, a dynamic monitoring system was installed in 

the bridge. This is essentially composed by 12 force balance accelerometers and 2 digitizers. Due to its 

symmetry, the mode shapes are approximately symmetric, therefore it was decided to instrument just one-

half of the bridge. So, the accelerometers were distributed along four sections between mid-span and the 

abutment at Porto bank with three sensors for each section: one to measure the lateral acceleration and 

other for vertical acceleration at downstream and upstream sides. 

 

Figure 4: Scheme of the monitoring system 

4.2 Application of automated procedure to single collected data-set 

The developed procedure was used to perform the automatic identification of the modal parameters 

adopting a wide range of time-lag parameter to fit the operational responses of the bridge. In the current 

application the minimum value of time-lag was set equal to 10, with an increasing step of 10 units until 

reach the maximum value of 100. Meanwhile the model order interval was set in conservative way 

between 20 and 100. 

As mentioned before, the methodology is based on the construction and on the automatic interpretation of 

a tri-dimensional stabilization diagram composed by all outputs obtained by each run of the parametric 

method. This means that SSI-Cov method was performed for increasing the model order and increasing 

the time-lag, providing a huge quantity of estimates composed by physical and spurious poles that need to 

be separated (see Fig. 5(a)). Thus, when the first step of the developed procedure is achieved, the removal 

of spurious poles was performed adopting three selected criterion based on application of thresholds. Such 

values were not very restrictive because the bridge may have complex modes but they were fixed ensuring 

the elimination of noise modes with very high complexity and damping: 5% for damping, and 0.75 and 

20° for MPC and MPD respectively. As already stated in several works, the clustering procedure could 

also be performed by avoiding the removal of spurious poles, because consistency of noise modes 

dramatically change for different model orders and does not affect the correct classification. This second 

option is strongly discouraged in the herein application, because the non-elimination of spurious modes 

leads to a very high waste of time during the clustering process that makes the procedure inefficient due to 

its high time-consuming. The results obtained after removing of noise modes are shown in Fig. 5(b). The 

clustering procedure herein proposed consists on the application of the formula (1) to all remaining poles 

belong to the diagram. Its application is based on the similarity between all stable poles with the reference 

one that is constantly updated when one estimates is linked into the cluster. The success of the clustering 

procedure is dependent of a distance threshold value that allows the correct grouping of poles that share 

the same characteristics; such distance was set equal to 0.03. Following this way, the distance between the 
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reference pole (defined in terms of mean frequency and mean mode shape of all poles previously grouped 

into the cluster) and candidate pole must be shorter than such prefixed distance. If the distance is shorter, 

the current pole presents similar natural frequency and mode shape of the reference pole and probably 

belongs to the group that represents the same physical mode and should be included into the cluster. The 

metric described in the formula (1) is used to scan all available poles until all estimates have been 

grouped. Moreover, in this procedure the single-linkage is used, this ensures that only one estimate can be 

introduced into the cluster for every model order and every time-lag value. In other words, two different 

estimates obtained with the same model order cannot be included in the same cluster. An application of 

the developed algorithm with the construction of the tri-dimensional diagram is shown in Fig. 5. All SSI 

outputs and the obtained estimates after the pre-filtering check are shown in Figs 5a and 5b. The clusters 

associated to the structural modes are shown in Fig. 5(c). To conclude this first validation, the final “stable 

planes” after the removal of possible replication and outliers, are shown in Fig. 5(d). 

 

 
    

Figure 5: Tri-dimensional stabilization diagram: (a) SSI-Cov outputs; (b) after pre-filtering check; (c) after 

application of cluster procedure; (d) after removal of possible modes replications and outliers. 

4.3 Application of the proposed methodology to continuous dynamic 

monitoring 

The proposed methodology for automated modal parameter estimation was associated with a simple 

modal tracking procedure and both used to automatically process data continuously collected by the 

monitoring system installed on Infante D. Henrique Bridge. As shown in the previous paragraph, the 
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investigated frequency interval was extended to 5.5 Hz and four further structural modes were identified in 

addition to the 12 modes reported in previous publications. Thus, the new set of all 16 identified modes 

was used as reference parameters in the tracking process. In the context of continuous dynamic 

monitoring, the most representative features are normally plotted over the time in order to study their 

evolution and detect any possible anomalies. To reach this task, every set of obtained estimates is linked to 

the reference baseline list through a comparison among modal estimates. There are several approaches to 

perform a correct tracking process [2,8,9], the most successful procedures are usually based on the use of a 

fix baseline (associated to pre-defined structural modes) or based on adaptive baseline (continuously 

updated after the analysis of each data-set). In this work, a fixed reference list associated to the modes 

extracted from the data-set collected on the 1
st
 of November 2017 was used. Then, continuous monitoring 

process was achieved comparing each new set with the 16 selected modes, and their evolution are shown 

in Fig.6. Moreover, the zoom of the two lower identified modes highlights the robust performance of the 

developed methodology, capable to correctly identified closely spaced modes also subjected to the effects 

of the environmental and operational conditions (i.e. temperature and traffic). 

 

Figure 6: Evolution of the natural frequencies of the modes automatically identified during the period 

from 01/11/2017 to 30/11/2017. Overview of all natural frequencies and zoom of the frequencies 

fluctuation of the first two modes 

Mode Success fmean[Hz] σ (f) [Hz] ξmedian [%] σ (ξ) [%] MACmean MACmin MPCmean MPDmean 
L1 100.00 0.78 0.001 0.43 0.104 1.00 0.94 1.00 1.51 
V1 100.00 0.82 0.004 1.16 0.389 1.00 0.98 1.00 1.31 
V2 100.00 1.15 0.002 0.45 0.086 1.00 1.00 1.00 0.30 
V3 100.00 1.42 0.002 0.45 0.106 1.00 0.99 1.00 0.41 
L2 100.00 1.75 0.003 0.47 0.096 0.99 0.92 0.99 3.09 
V4 100.00 2.02 0.003 0.49 0.146 1.00 0.98 1.00 0.90 
T1 100.00 2.23 0.004 0.47 0.141 1.00 0.98 1.00 0.50 
V5 100.00 3.05 0.006 0.48 0.132 1.00 0.98 1.00 0.63 
T2 99.86 3.34 0.006 0.50 0.110 0.99 0.94 0.99 2.22 
V6 99.79 3.52 0.005 0.41 0.100 0.99 0.92 0.99 3.12 
T3 96.46 3.77 0.006 0.47 0.107 0.98 0.84 0.96 3.20 
V7 99.93 4.39 0.008 0.57 0.145 1.00 0.98 1.00 2.10 
V8 83.61 4.66 0.020 1.18 0.311 0.91 0.73 0.93 8.31 
T4 99.44 4.76 0.009 0.63 0.115 0.99 0.90 0.99 2.50 
T5 96.32 5.23 0.008 0.55 0.094 0.98 0.85 0.97 3.09 
V9 97.22 5.28 0.006 0.46 0.070 0.98 0.87 0.97 5.18 

Table 2: Results of the continuous monitoring 
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Table 2 summarizes the most relevant results obtained by the application of the algorithm to data collected 

in one-month period long. Detailing, in the first column the type of the investigated modes is described. In 

the second column the success rate associated to each mode is quantified; as shown 10 modes were 

identified in all analyzed data-sets (success rate of 100%), just one mode with relative low success rate 

(equal 83%) is identified, while for the others 5 modes the success rate is higher than 96%. Columns 3-6 

presents the mean values and the standard deviations of the natural frequencies and the median values and 

standard deviation of the modal damping ratios associated to each identified mode, respectively. In the 

columns 7-8, the mean and the minimum value of the MAC index obtained during the monitoring are 

reported, meanwhile in the columns 9-10 the mean values of the two complex indices, MPC and MPD, are 

also reported. The last two columns provide relevant information about the structural modes behavior; in 

fact all identified modes are strictly real, except for the 8
th
 vertical bending mode, which complex 

component is not negligible, such information is confirmed by both complex indices. 

5 Second case of study: San Michele bridge 

In order to demonstrate the robustness of the proposed methodology, the current approach was 

exemplified also using data continuously collected on an important Italian Cultural Heritage structure: the 

San Michele Bridge [13,14]. 

5.1 Description of the bridge 

San Michele Bridge is one of the most important Italian Cultural Heritage monuments of the 19th century. 

It was built in 1889 and it consists of an iron arch that supports a box girder to links the small town of 

Paderno to Carlusco d’Adda in the north of Italy (about 50 km far from the city of Milan). It is 

characterized by the main parabolic iron arch with span of 150m long that rises 37.5m. The upper girder is 

266m long and it is supported by nine equally spaced bearing, Due to the difficulty of performing a 

regular maintenance, the state of preservation of the bridge is quite poor and several structural components 

are significantly damaged by corrosion. Moreover, the increase in traffic in the last decades is gradually 

worsening the maintenance of its security status; for these reasons, it was decided to carry out several 

ambient vibration tests in order to understand the dynamic behavior of the bridge and to plan some 

damage mitigation strategies to preserve the historic bridge [14]. Furthermore, test results highlighted 

some issues in the behavior of the bridge that need to be deeper analyzed. For these reasons, a permanent 

dynamic monitoring system was installed for SHM purposes. 

 

  

Figure 7: Layout of the monitoring system and view of the San Michele iron arch bridge (1889). 
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5.2 Application of the automated procedure to single collected data-set  

Also for this case of study, the proposed methodology was initially applied to several single data-set in 

order to extract the best set of modal estimates used as reference baseline for continuous dynamic 

monitoring process. The acceleration time series collected during the monitoring process were processed 

separately. In this work, only the main results related to lateral modes are reported. It is wort mentioning 

that collected data were initially pre-processed to remove parts of the responses that do not comply with 

the basic assumptions of OMA applications (e.g. [13]) and then filtered, decimated and re-sampling at 20 

Hz. 

n° f [Hz] σ(f)   [Hz] ξ  [%] σ(ξ)  [%] MPC MPD 
1 0.991 0.0001 0.33 0.0137 0.999 0.83 
2 1.345 0.0001 0.56 0.0269 0.997 1.59 
3 1.646 0.0002 0.60 0.0132 0.992 2.03 
4 2.014 0.0004 0.55 0.0076 0.983 3.60 
5 2.160 0.0004 0.78 0.0101 0.980 3.75 
6 2.508 0.0002 0.75 0.0021 0.895 8.70 
7 2.802 0.0002 0.89 0.0208 0.972 4.92 
8 3.122 0.0006 0.53 0.0051 0.895 11.26 
9 3.530 0.0013 1.12 0.0231 0.974 5.17 

10 3.800 0.0006 0.63 0.0122 0.919 8.21 
11 4.020 0.0117 0.42 0.3688 0.846 10.77 
12 4.078 0.0029 0.25 0.0321 0.898 10.96 
13 4.126 0.0014 0.35 0.0069 0.981 4.55 
14 4.383 0.0004 0.41 0.0056 0.909 6.74 
15 4.789 0.0007 0.40 0.0130 0.933 8.53 

Table 3: Modal parameters, standard deviations and complexity indices of modes shapes obtained 

f = 0.991 [Hz] f = 1.345 [Hz] f = 1.646 [Hz] f = 2.014 [Hz] f = 2.160 [Hz] 
ξ = 0.33 [%] ξ = 0.56 [%] ξ = 0.60 [%] ξ = 0.55 [%] ξ = 0.78 [%] 

     
f = 2.508 [Hz] f = 2.802 [Hz] f = 3.122 [Hz] f = 3.530 [Hz] f = 3.800 [Hz] 
ξ = 0.75 [%] ξ = 0.89 [%] ξ = 0.53 [%] ξ = 1.12 [%] ξ = 0.63 [%] 

     
f = 4.020 [Hz] f = 4.078 [Hz] f = 4.126 [Hz] f = 4.383 [Hz] f = 4.789 [Hz] 
ξ = 0.42 [%] ξ = 0.25 [%] ξ = 0.35 [%] ξ = 0.41 [%] ξ = 0.40 [%] 

     

Figure 8: Reference parameters of the first 8 modes: natural frequency, modal damping ratio and mode 

shapes represented in a polar plot 
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As described in previous publications [10,13] 15 lateral modes of the bridge were expected. Hence, the 

proposed methodology was used to extract the evolution of these features during a winter period, setting 

the initial parametric inputs as follows: time-lag interval from 20 to 100 (increasing value equal to 10) and 

model’s order interval as 30-150 (step equal to 2). Table 3 shows the results automatically obtained by 

structural responses collected during the 19th of February 2012 at 9 a.m., where 15 different modes were 

detected. Fig. 8 provides a graphical representation of the modes of the bridge. Moreover, the polar plot 

representation highlights the strong complexity associated to the investigated modes. As described in [15], 

the complexity of the modes shapes could depends on various factors (i.e. linkage, synchronization 

problem, high noise ratio) and non-linear behaviour of the structure (generally related to non-proportional 

damping or hysteretic factors). Therefore, the choice of the thresholds used to remove most of spurious 

poles is still related to the expected characteristics of investigated structure and it is required some trial 

tests to define them. For this case of study, the single criterion thresholds used to remove spurious poles 

from the tri-dimensional stabilization diagram were set equal to 0.5 and 25° for MPC and MPD 

respectively. So all estimates obtained by SSI-Cov method with MPC value lower than 0.5 and MPD 

upper than 25° were considered as noise modes and removed. 

5.3 Application to the proposed methodology to continuous collected data 

Once the baseline list was set, the developed algorithm was applied to one-month of data collected on San 

Michele Bridge in order to track the natural frequencies evolution and to find any possible anomalies in 

the normal behaviour of the bridge. Despite modal tracking is a well-known problem for permanent 

monitoring purposes, its application is not always straightforward. The tracking process herein proposed 

exploits the similarity measurements already presented in [7,13], involving the frequency variation and the 

MAC index (necessary to separate the close spaced modes). Instead the short period of monitoring, the 

linking process was performed using static rejection thresholds applied to frequency variation and MAC 

index separately, such threshold were fixed to 0,20 Hz and 30%, respectively. The results of the automated 

identification of the natural frequencies of the bridge, based on SSI-Cov method, are shown in Fig. 9. 

Moreover, main statistical information of the obtained results is shown in Table 4. Also in this case, the 

robust performance of the proposed methodology is confirmed by the high success rate of all structural 

modes. Columns 3-4 present the mean values of natural frequencies and standard deviations associated to 

the natural frequencies, the mean values of the standard deviations highlight the low scatter of the 

obtained estimates during the tracking process, as well as same trend is seen for the damping ratios 

(columns 5 and 6). Finally, in columns 7-8 are shown the mean values, MPC and MPD associated to all 

modes during the one-month monitoring period. It is worth mentioning the relative high values associated 

to the complexity indices, demonstrating the high complex component related to almost all structural 

modes.  

 

n° Success f   [Hz] σ(f)  [Hz] ξ   [%] σ(ξ)  [%] MPD MPD 
1 100.00 0.995 0.0095 0.257 0.0875 0.999 1.05 
2 100.00 1.356 0.0251 0.497 0.1885 0.990 2.24 
3 100.00 1.662 0.0327 0.538 0.2088 0.973 3.73 
4 100.00 2.032 0.0409 0.509 0.2009 0.926 4.56 
5 99.80 2.201 0.0650 0.634 0.1958 0.905 6.82 
6 97.43 2.545 0.0737 0.731 0.2019 0.894 8.49 
7 99.93 2.865 0.0883 0.644 0.2143 0.869 7.90 
8 99.86 3.161 0.1003 0.526 0.2060 0.855 11.80 
9 100.00 3.623 0.1092 0.695 0.2861 0.929 5.51 

10 100.00 3.841 0.0898 0.553 0.1692 0.916 8.31 
11 100.00 4.105 0.0654 0.375 0.2215 0.838 9.72 
12 99.93 4.154 0.0331 0.277 0.1473 0.780 12.93 
13 96.75 4.405 0.0501 0.350 0.0857 0.909 12.48 
14 99.59 4.580 0.0566 0.486 0.1280 0.933 15.57 
15 92.79 4.812 0.0264 0.350 0.1378 0.999 6.77 

Table 4: Results of the continuous monitoring of San Michele Bridge 
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Figure 9: Evolution of the natural frequencies of the lateral modes of the bridge identified during the 

period from 17/02/2012 to31/03/2012, zoom of the first and second natural frequency 

6 Conclusions 

The paper presents two applications of a recently developed methodology for automated modal parameter 

estimation based on the construction and interpretation of tri-dimensional stabilization diagrams, suitable 

for continuous dynamic monitoring. 

The goal of the proposed methodology is based on two different aspects apt to provide a more generalized 

automated procedure for the identification problems. The first aspect is related to the human interaction in 

a very primary stage of the identification process. In detail, the new methodology provides a further effort 

in the automation of the process avoiding the user choice in the definition of the input parameter of SSI-

Cov method (i.e. time-lag) used to construct the correlation matrix. The second aspect is related to a 

further generalization of the developed procedure to complex cases through a new clustering approach 

based on the use of MACX index. 

The proposed algorithm was used to analyze data collected on two different cases of studies: Infante D. 

Henrique Bridge located in Porto (Portugal) and San Michele Bridge located in the neighborhood of Milan 

(Italy). In both cases the robust performance of the developed algorithm is proven by the high success rate 

in the identification of the structural modes. In the former, 16 structural modes were identified with a 

success rate generally higher than 97%. Moreover, the obtained results also show the ability of the 

implemented algorithm in the identification of closely spaced modes, the first lateral mode and the first 

vertical mode with frequencies of 0.78 Hz and 0.82 Hz, respectively. The results also show very coherent 

mode shapes that maintain a very high consistence during the investigated period. In the latter, 15 lateral 

modes of the bridge were successfully identified and tracked. Also in this case, the robustness of the 

algorithm allows the high success rate in the tracking of the bridge modes. Furthermore, the high 

complexity of some mode shapes highlights the effects of the improvement in the cluster procedure; in 

fact, the generalization of the clustering procedure to complex modes through the use of the MACX index 

allows an efficient generation of the clusters and consequently a better performance of the tracking 
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process. In the resulting outputs of both cases, the evolution over time of the modal parameters (i.e. 

natural frequencies) confirms the influence of the environmental conditions on the dynamic behavior of 

both bridges. Concluding, the application of the developed automated procedure could be of great interest 

in the context of continuous dynamic monitoring of real scale structures. In particular a deeper analysis of 

the uncertainty related to obtained estimations will be very useful to understand and quantify the 

robustness and the flexibility of the implemented methodology to deliver coherent sets of structural 

modes, completely avoiding the initial tuning of the most important input parameters (i.e. time-lag and 

model order) of parametric methods. 
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