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Abstract  

Structural health monitoring (SHM) is based on the process of implementing methodologies to identify damage 
in structural systems. The SHM methodologies have as main objective the detection of anomalous behavior 
generated by structural variations, which in turn allows to prevent that these cause damages that can result in 
human, economic or social losses. For this purpose, SHM methodologies must be performed based on 
continuous data acquisition, and capable of detecting structural variations in real time. 

In the present work, the SHM problem was approached in order to develop an automatic dynamic monitoring 
methodology based on the combination of modal identification in the time domain (SSI-COV) with the Clustering 
algorithm, comparing it with the well-known modal identification in the frequency domain (FDD). The data 
acquired from a set of accelerometers installed at 25 de Abril Bridge (suspension bridge), located in Lisbon, are 
the object of study to test and validate the methodology. 

From the obtained results it is concluded that the developed methodology performs the identification of the 
dynamic features of the natural modes automatically and in real time. It is also verified that these modes are the 
same as those identified by the well-known non-automatic method of modal identification in the frequency 
domain (FDD), which allows the validation of the automatic methodology. Since the frequencies are directly 
related to the structural stiffness, then the latter is controlled over time in order to identify structural damage or 
anomalies. 

Keywords: SHM (Structural Health Monitoring), Dynamic Monitoring, Suspended Bridge, Modal 
Identification, Stabilization Diagram, Cluster Method

1. Introduction 

The key motivations for the development of this 
article are the poor monitoring, which in several 
structures is carried out periodically, where the 
oldest ones are the most alarming. The fact that the 
monitoring performed from vibration tests by 
application of external excitations are costly, heavy 
and cause traffic constraints, and the absence of 
free methodologies for human intervention and 
baseline (previous known) data. 

To solve these issues, the present work approaches 
the topic of Structural Health Monitoring (SHM), 
applying in situ monitoring technologies to acquire 
information that can be directly related to the 
structural condition. Of the several methodologies 
investigated and applied, those that are based on 
the acquisition of dynamic features, such as 
frequencies, vibration modes configurations and 
damping ratios, are the ones that reveal the best 

performance due to their particular importance and 
utility in the control of the structural integrity, since 
they have a direct relation with the stiffness and the 
mass of the structures (JP Santos, 2014a), and 
because they are able to respond to the need of 
introducing dynamic monitoring in continuous 
monitoring systems. 

Structural safety control based on dynamic features 
is the most commonly used and requires that these 
be extracted and analysed from large volumes of 
data acquired in situ. This sequence of extraction 
and control of this type of features has been the 
object of investigation in recent projects and 
dissertations, such as  (A. Cunha, Caetano, 
Magalhães, & Moutinho, 2013; Neu, Janser, 
Khatibi, & Orifici, 2017; Reynders, Houbrechts, & 
De Roeck, 2011, 2012; Santos, 2017), with the 
purpose of performing it automatically and in real 
time. 
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The present article proposes and describes the 
development of automatic modal identification 
methodologies (free of human intervention and 
baseline data) through the combination of 
advanced algorithms of control and signal analysis 
with machine learning algorithms, such as clusters 
analysis methods, which in turn enable real-time 
structural damage/anomaly detection. 

The structure under study is the 25 de Abril Bridge, 
and to this one is applied and compared the 
methodology of modal identification in the 
frequency domain (FDD method) to the 
methodology that combines the method of modal 
identification in the time domain (SSI- COV) with the 
clustering methods, with the purpose of validating 
the latter and also verify that it allows a better 
performance in the modal identification, which in 
turn gives a better control of the security of the 25 
de Abril Bridge. After this brief introduction, section 
2 of the paper presents the case study, its 
monitoring system, while section 3 described the 
set of data acquired and the modal structure 
identification methods. In the section 4 an automatic 
identification method is explained an in the section 
5 the main concluding remarks and future 
perspectives are drawn. 

2. The Case Study – 25 de Abril Bridge 

2.1 Structural System 

The case study used in the present work is the 
suspended 25 de Abril bridge, located in Lisbon, 
Portugal. The bridge has a total length of 2177,5m 
(Figure 1), with a 1012,9m long main suspended 
span, two 483,4m lateral suspended spans, three 
non-suspended spans, where the first on the South 
side is 98,6m and the remaining on the North side 
are 99,6m each and two 180m high pylons (Figure 
2). 

 

Figure 1 - The 25 de Abril Bridge (JORTEC 
ENGENHARIA CIVIL, 2017). 

The bridge deck consists of a steel truss that resists 
the loading of 6 roadway lanes and 2 railway lines 

(Figure 3). The latter is supported by a suspension 
system composed of 4 suspension cables and 1344 
hangers suspending 168 transverse steel trusses 
connected by four main longitudinal beams that 
span the entire length of the structural system. 

2.2 Structural Monitoring System 

The dynamic features extraction of the case study 
starts by acquiring the accelerations measured by 
eighteen accelerometers installed in six cross 
sections on the deck of the bridge. The cross-
sections coincide with the suspended cross-trusses 
(Figure 2) named as 66N, 22N, 0, 22S, 66S and P1 
(N and S stands for North and South respectively): 

 0 - Center of the main span; 

 66N and 66S - quarters of the central span; 

 22N and 66N - Centres of the lateral 
suspended spans; 

 P1 - 1st pylon on the south side. 

 

Figure 2 - The structural monitoring system of the 
25 de Abril Bridge. 

The structural health monitoring (SHM) system 
installed on the 25th of April Bridge controls both 
the acquisition and storage of data extracted from 
more than 200 sensors. This process is carried out 
at a rate of 500 samples per second per sensor, and 
the data is stored on the hard disk in a set of binary 
format files, one for each on-site acquisition 
controller (Santos, 2017). 

Prior to the emission of data acquired in situ to the 
LNEC server, the components of the signals with 
frequencies greater than 20 samples per second 
are excluded, and those resulting from the filtering 
are decimated by a factor of 10, giving a time 
discretization of 50 samples per second, which is 
the rate is considered adequate to characterize the 
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structural response of the bridge when subjected to 
environmental actions (Santos, 2017). The need to 
have such a large set of data is imposed by the 
need to characterize and quantify fast effects 
induced by traffic and the remaining environmental 
actions and the need to conduct a real time 
monitoring. 

3. Modal structure identification 

3.1 Set of data acquired in situ and in 
real time 

Real-time modal identification through data acquire 
in situ, (e.g. Operational Modal Analysis (OMA)) is 
performed on the structural response of 25 de Abril 
Bridge to the environmental actions. The latter 
operates continuously and non-periodically as in 
the case of traditional dynamic tests (e.g. vibration 
tests by the application of external excitations), in 
order to control its overall structural safety and 
detect damages in real time.  

For this purpose, the data of forty-one 
accelerometers installed along the bridge (Figure 2 
and Figure 3) are used. However, for the present 
paper, and in order to exemplify the methodology 
presented herein, only eighteen of them (distributed 
through the deck and in the P1 steel truss pylon) are 
considered as object of study. 

𝑎 = 𝑎  (1) 

𝑎 = (𝑎 + 𝑎 )/2 (2) 

𝑎 = (𝑎 − 𝑎 )/2 (3) 

 

Figure 3 - (a) Accelerometers (b) linear 
accelerations considered for OMA. 

The measured accelerations of the accelerometers 
selected to perform the OMA are not to be used 

directly but to convert them into horizontal, vertical 
and rotational section-wise accelerations, using the 
three sensors installed in each section (Figure 3), 
according to the following equations (1 to 3). 

As an example, the vertical accelerations acquired 
in all monitored sections of the bridge, along 
November 16, 2016 (day of analysis of the article), 
are shown in Figure 4. 

 

Figure 4 - Vertical accelerations obtained for each 
monitored section of the bridge during the day. 

3.2 Modal identification in the 
frequency domain 

The FDD (Frequency Domain Decomposition) 
method is widely used in the realization of OMA, 
especially in cases of inverse approach, due to its 
theoretical and computational simplicity. The latter 
consists in the identification of natural frequencies 
from the maximum amplitudes of the spectral 
density function involving several measuring points, 
as well as the identification of vibration modes that 
is based on the acquisition of estimates of transfer 
functions that relate, in the frequency domain, the 
environmental response at a reference point with 
the response at the other measurement points (the 
signal is analysed according to the evolution of the 
phase) (Á. Cunha & Caetano, 2004). 

This method performs tasks such as the evaluation 
of the spectral density functions of the response, the 
decomposition of the latter into singular values, the 
analysis of the singular value spectra to select the 
resonance peaks (maximum amplitudes) that 
corresponds to modes of vibration (Figure 5) and 
the evaluation of the modal components according 
to the degrees of freedom observed (through the 
singular vectors) (Rodrigues, 2004).  

The fact that the FDD method is based on estimates 
of spectral density functions makes it simple to 
perform if the frequencies are well separated. 
However, this is not the case in the analysis of the 
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frequencies under study. For this reason and 
because it is a manual execution, it is verified that 
the FDD method, despite being a useful support tool 
in the present process of modal identification, is 
neither efficient nor suitable for automation. 

 

Figure 5 - FDD Method – Spectra of frequencies 
obtained for the first 4 singular values (SV). 

3.3 Modal identification in the time 
domain 

In addition to the abovementioned obstacles of the 
FDD method, it is also found that its output can be 
difficult to automate. Consequently, an alternative 
method is used to overcome the obstacles affecting 
the accuracy of the latter. For this in the present 
paper it is developed to the SSI (Stochastic 
Subspace Identification) method, which is 
conducted in the time domain and can be used in 
its DATA (Data-driven) or COV (Covariance-driven) 
version, for cases where the input consists of the 
data itself or in the covariance matrices of the set of 
accelerations, respectively, calculated at each 
instant of time (Döhler & Mevel, 2012; Magalhães, 
Cunha, & Caetano, 2012; Peeters, 2000; Reynders 
et al., 2012; Rodrigues, 2004). Herein, the SSI-COV 
(Covariance-driven Stochastic Subspace 
Identification) method is the selected one, since the 
DATA version is computationally too heavy. The 
first is based on the classical discrete state-space 
model describing a linear N degree of freedom time 
invariant systems under white noise excitation: 

𝑥 = 𝐴 𝑥 +  𝑤  

𝑦 = 𝐶 𝑦 + 𝑣   
 (4) 

where 𝑘  identifies the sampling instant, A (𝑛 × 𝑛,

𝑛 = 2𝑁) is the state matrix, C (𝑟 × 𝑛) is the output 
matrix, built using r measured signals, 𝑥  is the 
state vector, 𝑦  the measurements vector, while 𝑤  

and 𝑣   are independent zero mean stochastic 

processes which represent unknown effects, noise, 
etc. From these equations and premises, it is 
possible to obtain the modal quantities using only 
the structural responses by considering that their 
covariance matrix describes the free dynamic 
behaviour of the monitored structural system 
(Cabboi, Magalhães, Gentile, & Cunha, 2017; 
Peeters & De Roeck, 2001). 

In practice SSI-COV is based on the construction of 
a Hankel matrix of blocks (H) from the covariance 
matrices of the signals, calculated at each instant of 
time k. Then, an observability matrix (O) is obtained 
by extracting the singular values of H. By solving the 
linear least-squares problem in O, an estimate of 
the state matrix A is obtained, and their eigenvalues 
contain information about the modal frequencies 
and damping ratios, while their eigenvectors consist 
of modal coordinates which in turn describe the 
mode shapes (Coelho, Santos, Silveira, & Oliveira, 
2015; Peeters, 2000). 

The application of this method requires the input of 
a model order to allow estimation of the matrix of 
states A, whose optimal value is not known in 
advance, even though it can be estimated with 
greater or less precision (Peeters, 2000; Reynders 
et al., 2012). The result of applying the OMA to the 
data acquired on the 25 de Abril bridge, at using the 
SSI-COV method is a set of data (described by 
poles of various orders and each of them contains 
modal information) where a wide range of model 
orders is considered, most of which are larger than 
total number of modes of vibration within the 
frequency band concerned. 

For this case, a maximum order value (n = 50) is 
defined, because above this limit the low frequency 
poles are no longer easily calculated (Figure 6). 

3.4 Stabilization diagram 

After the acquisition of the poles of several orders 
resulting from the SSI-COV method only those of 
order less than 50 are represented in a plot, named 
as stabilization diagram, that analyses the stability 
of the frequencies of these poles according to their 
order (plot of Eigenfrequencies Vs Model Orders) 
(Figure 6). Each of these poles of a given order 
describes the state model of the structure through 
its dynamic features (frequency, damping ratio and 
mode shape) that describe the response of the 
structure to the environmental actions. 

In this work, the objective is to identify the natural 
frequencies of the first vibration modes, since it is 
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through these that the most alarming variations of 
stiffness of the structure are verified, so for this 
paper only the poles belonging to the frequency 
range 0 to 0,5 [Hz] are considered (Figure 6). Also, 
only poles with damping coefficients lower than 0,03 
are analysed in this work because the structure 
responds with very low damping ratio values (Figure 
7). 

 

Figure 6 - Stabilization Diagram (Eigenfrequencies 
Vs Model Orders). 

From the observation of the Figure 6, the physical 
mode shapes are shown as vertical lines, in which 
eigenfrequencies repeat themselves across 
numerous model orders, while spurious modes 
associated with noise and other effects, do not 
(Peeters, 2000; Reynders et al., 2012). 

Since the FDD method allows an approximate 
estimation of the number of modes shapes by their 
maximum amplitudes (peaks). Then in the 
background, the spectral density function from the 
FDD method is applied to the stabilization diagram 
to help identify the vertical alignments of poles that 
correspond to physical modes and also to 
distinguish these ones from the spurious ones. 

 

Figure 7 - Scatter Plot (Eigenfrequencies Vs 
Damping Ratios) for the interval [0,0.5] Hz. 

Also in order to help distinguish these types of 
modes is used a scatter plot (Eigenfrequencies Vs 
Damping Ratios), which reveals the existence of 

tight data sets, clearly separated in space, that 
corresponds to vibration modes and are located at 
the same vertical alignment of the stabilization 
diagram shown in Figure 6. To automate the 
distinction of these two types of modes, a machine 
learning algorithm named as clustering method is 
applied and explained below in this paper. 

3.5 Analysis of modal shapes in the 
complex plane 

For the purpose of identifying the vibration modes, 
the modal coordinates of each of the poles in the 
complex plane and if the coordinates are well 
aligned, then it is verified that they may correspond 
to the configuration of one of the natural modes 
(Reynders et al., 2012). Contrary to the latter, if the 
coordinates of the poles are scattered in the 
complex plane then it is concluded that these 
correspond to spurious modes (Reynders et al., 
2012). 

The evaluation of the alignment of the modal 
coordinates is quantified by the mode shape 
complexity. In order to quantify the latter 3 mode 
shape features are used so that automation of the 
OMA is not affected. Their formulations are shown 
in (Reynders et al., 2012). 

The first one is the mode phase (MP) that can be 
calculated as the angle of the best straight line 
(regression line) fit through the mode shape in the 
complex plane, as shown in the Figure 8 (Reynders 
et al., 2012).  

 

Figure 8 - Representation of the Mean Phase and 
phase deviations. 

The second is the mode phase collinearity (MPC) 
that can be obtained from each mode shape (Figure 
9), defined as a value between 0 and 1, where 1 
stands for perfectly aligned mode shapes (or natural 
modes), and 0 for not aligned at all (spurious 
modes) (Reynders et al., 2012).  

The third and last feature is the mean phase 
deviation (MPD) that quantifies how much, in 
average, the mode shape components deviate from 
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the linear regression estimate, as shown in Figure 
10 (Reynders et al., 2012). This deviation is 
quantified not in terms of residual errors but in terms 
of phase differences ( ∆θ ) between each 
component and the MP, as shown the Figure 8. 

 

Figure 9 - Mode phase collinearity obtained in the 
range 0 to 0,5 [Hz]. 

 

Figure 10 – Mode phase deviation obtained in the 
range 0 to 0,5 [Hz]. 

Through the application of these features its 
obtained the normalization of the modal coordinates 
of the poles in the complex plane since from their 
initial locations rotations (equivalent to the ∆𝜃 ) are 
performed in each one of them until they all belong 
to the regression line with a slope equal to MP. As 
a result, it is acquired new modal coordinates that 
allows a better identification of the vibration modes.  

4. Automatic modal identification 
using machine learning 

4.1 Distance matrices 

The distance matrices provide information about 
how close (similarities, d≈0) or far (dissimilarities, 
d≈1) and the lower these values are the more 
similar the objects may be according to their 
intrinsic features and therefore the more likely they 
are of being the same natural mode. Hereupon the 
latter are used as input data in the application of the 

cluster method (where the estimates will be 
clustered). 

These distances can be obtained from both the SSI 
outputs, frequencies, damping ratios and mode 
shapes (MAC values), and from complexity and 
collinearity features, such as the MP, MPC and 
MPD. For the mode shapes, the well-known MAC 
(modal assurance criterion) was used as distance 
matrix.  

For the remaining ones the simple subtraction 
between estimates (known as the Minkowski 
distance of order 1), normalized by being divided by 
the maximum estimate value, was used. The 
corresponding matrices are shown in the Figure 11, 
Figure 12 and Figure 13 where the colour red 
stands for 0 and the yellow for 1.  

 
Figure 11 - Mean phase deviation and mode phase 
collinearity difference matrix. 

 
Figure 12 - Frequency and damping ratio difference 
matrices. 

 
Figure 13 - MAC-index matrix and final distance 
matrix to use in the clustering. 

In order to select the matrix that best suits the 
application of the cluster method, the sum of the 
matrices of the frequencies with the one of the 
damping ratios and of the MAC-index is performed 
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(as described in (5) and illustrated in the Figure 13), 
since they exhibit more red colours near the main 
diagonal and yellows elsewhere. 

𝐷 = 𝐷 + 𝐷 + 1 − 𝑀𝐴𝐶 (5) 

For this reason, this a final distance matrix is used 
to perform the cluster analysis on the proposed 
OMA strategy. 

4.2 Cluster Analysis 

In order to automate the OMA, cluster analysis is 
applied because it is the most suited to conducted 
unsupervised automatic pattern recognition.  

The main purpose of a clustering application is to 
achieve a division of data sets into groups, which 
must be as compact and separate as possible 
(Santos, 2014; Santos, Crémona, Orcesi, & 
Silveira, 2013). This intent can be mathematically 
described as the attempt to minimize the overall 
within-cluster distance 𝑊(𝑃 )  which in turn 
maximizes the overall between-cluster distance 
(Santos, 2014). If the reader wants to know more 
about the cluster methods, in the works (Santos, 
2014; Santos, Crémona, Calado, Silveira, & Orcesi, 
2016) these are extensively described as well as 
the respective applications. 

 

Figure 14 - Dendrogram of the optimal partition (17 
clusters). 

For the present paper only the partitive and 
hierarchical methods were selected from the 
several methods of clusters analysis to be applied 
on the data sets. More specifically, the hierarchical 
agglomerative method with average linkage (where 
the resulting dendrogram is illustrated in Figure 14) 
was applied and compared to the k-means method. 

The application of these methods is evaluated 
through cluster validation indexes, which basically 
classify how well or poorly the clusters are 
compacted and separated by their within-cluster 
and between-cluster distances (Hastie, Tibshirani, 
Friedman, Hastie, & Tibshirani, 2009). 

Table 1 - SIL validation indexes of the optimal 
partitions obtained by both methods. 

SIL Validation Index 

K-means method Hierarchical method 

SIL = 0,51 SIL = 0,55 

Optimum number of 

clusters = 18 

Optimum number of 

clusters = 17 

 
The optimum partition is composed of the number 
of clusters that most closely approximate the 
number of natural modes obtained by the 
identification of the maximum amplitudes in the 
FDD method. 

 

Figure 15 - Optimal partition of the hierarchical 
method (with noise modes included). 

In both methods the SIL index is used in order to 
obtain the optimum partition since this one is 
evaluated by the maximum index value of SIL. From 
the application of both methods is verified in the 
Table 1 that the hierarchical has greater SIL index 
then the k-means, therefore in the Figure 15 is 
illustrated the hierarchical method applied to the 
poles of the stabilization diagram. 

4.3 Removal of spurious modes  

Due to the fact that the optimal partition obtained 
previously still contains spurious modes, an original 
method of detection and exclusion of the same is 
developed, in order to clean the stabilization 
diagram and only represent the natural modes. The 
spurious modes that remain in the stabilization 
diagram are represented by clusters of weak 
compactness (large distance within-cluster) since 
the poles that constitute them are randomly 
dispersed (Peeters & De Roeck, 2001). 

Since clusters validation indexes are density 
functions that evaluate the compactness of the 
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latter, they are used in the procedure of removal of 
the spurious modes in order to identify clusters with 
very low SIL values which in turn correspond to 
spurious modes. 

In this case, the procedure is performed by 
analysing the values of the SIL validation indexes of 
the optimal partition, where a limit value of SIL is 
defined (a very low SIL value, SIL = 0,15) and thus 
the clusters with values lower than limit are the 
spurious modes to be removed. In order to make 
the results more credible, a new cluster analysis is 
applied on the set of poles, where the criteria to 
select natural modes in the form of a matrix are 
used again. 

 

Figure 16 - Natural modes identified with the 
automatic OMA strategy proposed (without noise). 

This new cluster analysis is again evaluated by the 
SIL validation index as well as the detection and 
removal of clusters with SIL value below the 
established limit, this procedure is performed 
iteratively until a final solution is obtained without 
any spurious modes. In this case an optimal final 
set of 15 clusters is automatically obtained which 
corresponds to the frequencies of the natural 
modes (like is shown in the Figure 16), which in turn 
coincide with those that were acquired through the 
FDD method. 

4.4 Results  

From the combination of the SSI-COV method with 
the cluster analysis (hierarchical method) the 
dynamic features are obtained and compared with 
those of the FDD method, such as damping ratios, 
natural vibration frequencies and respective mode 
shapes. Since the frequencies obtained by both 
methods, represented in the Table 2, have similar 
values then it is verified that the FDD method 
validates the combination of SSI-COV + Clustering 

and also that the OMA executed automatically 
presents a faithful performance.  

For the range of frequencies 0 to 0,5 Hz in the Table 
3, the natural modes are described according to 
their main movements and respective types of 
vibration and through the Figure 18 the respective 
modes shapes obtained from the combination SSI-
COV + Clustering are represented. 

Table 2 – Dynamic features of the first six natural 
modes. 

 
Table 3 - Main movements and respective types of 

vibration of the first six natural modes. 

Nº Main Movement Mode Type 

1 Translation in z 1st Transversal Mode 

2 Translation in y 1st Vertical Mode 

3 Translation in y 2nd Vertical Mode 

4 Translation in z 2nd Transversal Mode 

5 Translation in z 3rd Transversal Mode 

6 Translation in z 4th Transversal Mode 

 

In addition, as an example, the average of the 
frequencies of the first six natural modes obtained 
for each hour of the day under study (November 16, 
2016) are represented in the Figure 17. The daily 
control of the frequencies of the natural modes 
allows the verification of the structural integrity of 
the structure under study, since these are directly 
proportional to the variations of rigidity, according to 
q.(6): 

𝑓 = 𝐾 𝑀⁄  (6) 

Nº 
𝒇 (𝑭𝑫𝑫) 

[𝑯𝒛] 

𝒇 (𝑺𝑺𝑰 − 𝑪𝑶𝑽

+ 𝑪𝑳𝑼𝑺𝑻𝑬𝑹𝑰𝑵𝑮) 

[𝑯𝒛] 

𝝃 

1 0,0719 0,0718 0,004 

2 0,1178 0,1177 0,011 

3 0,1481 0,1477 0,018 

4 0,1667 0,1667 0,013 

5 0,2053 0,2052 0,011 

6 0,2214 0,2207 0,012 
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5. Conclusions  

In this paper a methodology that allowed the 
automatic realization of the OMA was applied to the 
25 de Abril suspension bridge, located in Lisbon. 
The latter is based on the combination of the SSI-
COV method with machine learning algorithms, 
namely the hierarchical method of clustering. 
Comparing this combination with the FDD method it 
is concluded that the latter is less suitable for 
automating the OMA, since its execution is manual 
(requires human intervention) and presents 
difficulties to detect very close frequencies. From 
the application of the methodology it is possible to 
identify in the stabilization diagram the dynamics 
features of the fifteen natural modes in the range 0-

0.5Hz and also to separate these from the spurious 
modes, which through an original method the latter 
are removed.  

The natural modes can be clearly identified by 
clusters that are well-compacted (with small within-
clusters distance) and separated (with large 
between-clusters distance) and in this case the 
hierarchical method is better than the kmeans 
method at identifying the latter and at automate the 
OMA since the SIL index of the first one is more 
precise to find the true number of clusters than the 
second one. 

Finally, through the daily control of the frequencies 
identified automatically, it is possible to perform 
damage identification by analyzing the frequencies 
that exceed the safety limits. This analysis is 

Figure 17 - Daily control of frequencies of the first 6 modes of vibration of the 25 de Abril Bridge. 

Figure 18 - Mode shapes of the three first natural modes of the 25 de Abril Bridge. 
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intended to be continued in future work in order to 
automatically control, in real time, structural safety 
of infrastructures through continuous dynamic 
monitoring.  
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