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Abstract 
An increasing interest towards modal based damage detection techniques has been observed 
in the last years in the field of civil engineering, as a consequence of the development of 
several algorithms for automated identification and tracking of modal parameters based on 
Operational Modal Analysis methods. Even if the continuous monitoring of modal 
parameters has been proved to have a large potential in performance and health assessment 
of civil engineering structures, one of the main drawbacks of modal based damage detection 
is related to the sensitivity of natural frequency estimates to environmental and operational 
conditions. These can cause changes of the same order of magnitude of those induced by 
damage. As a consequence, the estimates have to be depurated from the effects of 
environmental factors in order to effectively detect damage. Using a large number of 
experimental data, models relating modal properties with environmental and operational 
factors can be set. However, the selection of the factors to be measured is typically not 
straightforward. As an alternative, statistical tools can be used to correct the estimates 
without the need to measure those factors. In the present paper, after a review of the 
available approaches to quantify the influence of environmental and operational factors, a 
method based on Second Order Blind Identification for the characterization of the influence 
of environmental and operational variables on modal parameter estimates in the absence of 
field measurements of those quantities is presented. Opportunities and limitations of the 
proposed method are discussed taking into account also the results of a comparative 
assessment with other similar procedures. 

 
1 INTRODUCTION 

An increasing number of applications of Structural Health Monitoring (SHM) to civil 
structures take advantage of the recent developments in the field of automated identification 
[1, 2] and tracking [3] of modal parameters based on Operational Modal Analysis (OMA) 
methods [4]. These techniques, in fact, have raised the interest towards modal based damage 
detection methods [5] that, in spite of the huge research efforts, did not completed the 
transition to the engineering practice because of the lack of reliable automated data 
processing procedures. 
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The basic principle of modal based damage detection is very simple and extensively 
discussed in the literature [5, 6]. Damage is defined as any change of the structure that 
adversely affects its performance [5]. This can be in the form of stiffness change (for 
instance, cracking), mass change, connectivity change (for instance, looseness in a bolted 
joint) or boundary condition change (for instance, bridge scour). Since the modal parameters 
depend on the physical parameters (mass, stiffness and damping), the change in the physical 
properties of the structure caused by damage is reflected by a change in the modal properties. 
Thus, it is theoretically possible to identify damage from the analysis of the variations of the 
modal parameters. 

From a general point of view, in order to exploit the advantages of modal based SHM, the 
monitoring process has to ensure the observation of the modal parameters of the structure 
over long periods of time. Thus, appropriate sensors and measurement systems have to be 
selected and installed in order to continuously acquire records of the structural response to 
ambient vibrations; the raw data are then processed in order to extract damage sensitive 
features, derived from the modal properties; the evolution of the features over time is finally 
analyzed to assess the health state of the structure.  

A number of damage sensitive features based on modal parameters have been defined and 
tested over the years. Natural frequencies and mode shapes are often used as damage 
features. Natural frequency variations provide the easiest way to detect the presence of 
damage, because they can be accurately estimated even in the presence of a few sensors. 
However, the information they provide is limited. They can support the detection of the 
occurrence of damage but they usually cannot provide information about damage location. If 
locating damage is a primary task of the SHM system, other features defined in terms of 
mode shapes and mode shape curvatures have to be selected. However, they are typically 
estimated with lower accuracy with respect to natural frequencies. 

The sensitivity of natural frequency estimates to environmental and operational variables 
(EOVs) represents one of the main drawbacks of modal based damage detection. EOVs can 
cause changes in the natural frequency estimates of the same order of magnitude of those 
induced by damage. As a consequence, the estimates have to be depurated from the effects of 
environmental and operational factors in order to detect damage. Temperature has a major 
influence on natural frequency estimates, as demonstrated in several studies [7, 8]. In order to 
remove its effects, an attractive approach consists in the definition of models able to 
represent the functional dependence of natural frequencies from the temperature and other 
EOVs. Black-box models can be set to this aim. The model parameters are tuned by 
collecting a large number of observations of natural frequencies as well as of the EOVs 
influencing the estimates. However, the selection of these factors is not straightforward. 
Whenever the factors influencing the estimates cannot be clearly identified or they cannot be 
measured, approaches based on statistical tools [9, 10] can be profitably applied to correct the 
natural frequency estimates without the need of measuring the environmental and operational 
factors. Once the damage sensitive features have been filtered by removing the 
environmental effects, a number of tools can be applied for feature discrimination. They can 
be broadly classified as supervised and unsupervised learning approaches [5]. The former are 
applied when data are available for both the undamaged and damaged structure, while the 
latter are applied when reference data are available only for the structure in healthy state. 

In the present paper, available approaches to quantify the influence of environmental and 
operational factors are reviewed first; then, a method based on Second Order Blind 
Identification for the characterization of the influence of environmental and operational 
variables on modal parameter estimates in the absence of field measurements of those 
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quantities is introduced. Opportunities and limitations of the proposed method are discussed 
taking into account also the results of a comparative assessment with other similar 
procedures. 

2 ANALYSIS OF THE ENVIRONMENTAL INFLUENCE 

The environmental influence on natural frequency estimates can be modeled by means of 
different approaches depending on the availability of measurements of the environmental and 
operational variables influencing the modal parameters. If those measurements are available, 
the simplest approach for removal of the environmental influence is based on regression 
analysis. The Multiple Linear Regression (MLR) [11] can be used to identify the relation, 
expressed by the matrix coefficient [B], between a number of dependent variables (the 
natural frequencies [f] of the modes of interest) and some independent variables [T], the so-
called predictors, plus noise [E]: 

[f]=[T][B]+[E] (1) 

The established model allows the prediction of future values of the dependent variable 
when only the predictors are known. In SHM applications comparing model predictions and 
experimental observations allows to remove the environmental influence. The main objective 
of regression analysis is, in fact, the estimation of the coefficients that provide the best fit 
between the observations and the model predictions. The coefficients of the model are 
usually obtained through the least squares method, which minimizes the sum of the squared 
errors. In the framework of modal based SHM, establishing multiple regression models 
requires data collected over a sufficiently long period of time, so that the influence of 
environmental factors on natural frequencies can be exhaustively characterized; for instance, 
data from summer as well as winter periods have to be considered in the construction of the 
model. When measurements of the EOVs are not available, statistical methods can be 
adopted. In particular, methods based on the decomposition of the covariance matrix of the 
natural frequency time series are usually considered. The Principal Component Analysis 
(PCA) [10] is probably the most popular approach in this class of methods. 

PCA is a multivariate statistical tool used to express the variance and covariance structure 
of a set of variables as a linear combination of these variables. The PCA basically transform 
the original variables, the observed natural frequencies {f}, into a new set of uncorrelated 
variables {z}: 

{z}=[T]{f} (2) 

The method for compensation of environmental effects starts from the computation of a 
reference transformation matrix [Tref] based on data collected from the “healthy” state of the 
structure. Then, new data are also transformed according to Equation (2) and remapped in the 
original space: 

f̂{ }= Tref
⎡⎣ ⎤⎦

T
T[ ] f{ }  (3) 

where the superscript T denotes transpose. It is worth noting that only the first principal 
components, which account for most of the variance in the data, are retained in the 
application of the method. Thus, PCA highlights the effect of relevant factors, such as the 
temperature, and reduces the dimensionality of the model by the elimination of secondary 
effects, such as those due to random errors in the identification of the natural frequencies. A 
difference between the observed and the re-mapped values obviously exists and it is given by 
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the residues {ε}: 

ε{ }= f{ }− f̂{ }  (4) 

Residues can be used as damage feature since they are insensitive to the factors modeled 
by the principal components. As in the case of regression analysis, an effective compensation 
of environmental and operational effects requires that the natural frequency estimates 
associated to the healthy state of the structure are continuously collected over a sufficiently 
long period of time, typically one year. Such a period ensures that the collected time series 
hold the information about the full range of variability of environmental and operational 
factors. 

In this paper, the use of the Second Order Blind Identification (SOBI) [12] to remove the 
effect of EOVs on natural frequency estimates is explored. In SOBI the natural frequency 
time series are modeled as a linear combination of sources {s} (the unknown environmental 
factors) plus noise {ε}: 

f{ }= A[ ] s{ }+ ε{ }  (5) 

The Joint Approximate Diagonalization (JAD) [13] of a number of time-shifted 
correlation matrices allows the computation of the mixing matrix [A] and the sources from 
the collected data. A fundamental assumption in SOBI is that the sources are stationary, 
uncorrelated, and scaled to have unit variance, so their covariance matrix is the identity 
matrix [12]: 

E ε{ } ε{ }
T⎡

⎣
⎤
⎦= I[ ]  (6) 

Moreover, the sources are assumed to be uncorrelated from the noise: 

E ε{ } s{ }
T⎡

⎣
⎤
⎦= 0[ ]  (7) 

The additive noise is assumed to be a zero mean, temporally and spatially white stationary 
random process: 

E ε{ } ε{ }
T⎡

⎣
⎤
⎦=σ n

2 I[ ]  (8) 

where σ n
2  denotes the noise variance. As an alternative, correlated noise can be also 

considered [14].  
When SOBI is applied to remove the influence of EOVs, a first set of natural frequency 

estimates is used to identify the reference mixing matrix [Aref]. As in the previous cases, a 
large amount of data related to the healthy state of the structure has to be collected in order to 
effectively remove the influence of EOVs. On the analogy with PCA, the number of 
unknown parameters determining the variability of estimates can be determined by inspecting 
the sequence of singular values of the correlation matrix at zero time lag [15]. After the 
estimation of the mixing matrix in healthy conditions [Aref], further data are collected and 
processed in order to estimate the corresponding mixing matrix and sources. These are 
recombined by the previously identified [Aref] matrix and the resulting values are subtracted 
from the original ones in order to compute the residues, which are independent of the 
environmental factors and, therefore, can effectively be used as a damage sensitive feature. 

It is worth pointing out that the mixing matrix is determined up to a scaling and a 
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permutation of its rows, which prevents the determination of the variances of the identified 
sources [16]. Thus, in order to remap the identified sources to the original space it is not 
sufficient to combine the sources estimated from the current data with the reference mixing 
matrix. An appropriate scaling factor has to be determined to avoid bias. It has been 
computed as the ratio between the first singular value of the reference mixing matrix and that 
of the mixing matrix estimated from the current data. The difference between the observed 
and the re-mapped values - Equation (4) - is independent of the environmental and 
operational factors and, therefore, can be profitably used as a feature in the context of 
damage detection procedures. 

3 COMPARATIVE ASSESSMENT AND VALIDATION 

The effectiveness of SOBI in the analysis of the environmental influence on natural 
frequency estimates in the absence of field measurements of EOVs has been evaluated 
through a comparative assessment of its performance against PCA and linear regression 
analysis. The procedures for compensation of the environmental effects have been applied to 
data collected from a vibration based monitoring system installed at the University Sports 
Hall in Campobasso, Southern Italy. The modal parameters and the tensile load of a steel 
cable of the roof (Figure 1) are continuously estimated from vibration measurements in 
operational conditions by means of four IEPE accelerometers with the following 
characteristics: 10 V/g sensitivity, 0.05-4000 Hz bandwidth, 0.5 g peak full scale range. The 
signals are acquired by a wireless data acquisition module with the following characteristics: 
24-bit Sigma-Delta ADCs for simultaneous sampling of four channels, analog antialiasing 
filters, 102 dB dynamic range, 51,2 kHz maximum sampling rate. A thermocouple measures 
the local temperature at the site. The data acquisition and data processing software, 
developed in LabView environment, complements the system. The fundamental modal 
properties of the cables are continuously estimated by means of an original automated OMA 
procedure; more details can be found elsewhere [2]. 

 
Figure 1: Vibration based monitoring of a steel cable at the UniMol Sport Hall. 
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Monitoring results from December 5th, 2014 to January 23rd, 2015 are considered. The 
daily variations of the modal properties due to temperature and the effect of an intense 
snowfall occurred at the end of 2014 can be easily recognized from the inspection of the time 
series of the estimated natural frequencies and the comparison with the measured local 
temperature (Figure 2). Note that the values of temperature on the corresponding axis in 
Figure 2 are reversed in order to highlight the correlation between the estimated natural 
frequencies and the measured temperature. 
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Figure 2: Comparison between the fundamental frequency of the cable and the measured local temperature. 
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Figure 3: Influence of the temperature on natural frequencies of the cable. 
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An increase in the temperature corresponds to a decrease in the natural frequencies of the 
cable and vice versa, as confirmed also by the plot in Figure 3. In the middle of the 
monitoring period limited daily variations of the measured temperature can be observed. 
They correspond to the snowfall occurred between the end of the year 2014 and the 
beginning of the year 2015. 

Basic statistical analyses of the natural frequencies of the fundamental modes of the cable 
over the considered monitoring period show that EOVs caused a maximum variation of the 
estimates with respect to the average value in the order of 4.5%. Such a large variation can 
hide the changes induced by damage. Thus, effective approaches to compensate the 
environmental effects have to be applied in order to carry out a reliable health monitoring. 

Figure 4 shows the predictive performance of the considered methods. The first half of the 
data has been used to define the model, while the second half was used to predict the 
variations of the natural frequencies due to EOVs. Two variants of SOBI have been 
considered: the first is based on the assumption of temporally and spatially white noise, while 
correlated noise is considered in the second case. The JAD was carried out considering 300 
time-shifted correlation matrices. Taking into account the relative magnitude of the 
eigenvalues of the zero lag correlation matrix, a single source has been considered. In a 
similar way, only the first principal component has been considered when PCA has been 
applied. This confirms that, in the absence of damage, the temperature can be indicated as the 
only responsible for the variations of the natural frequencies of the cable. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 4: Predictive performance of MLR (a), PCA (b), SOBI (c) and SOBI with correlated noise (d). 

SOBI, under the assumption of temporally and spatially white noise, (Figure 4c) and PCA 
(Figure 4b) provided very good and nearly equivalent predictions. Slightly poorer predictive 
performance has been obtained from the application of SOBI under the assumption of 
correlated noise (Figure 4d). MLR was able to approximately catch the general trend of 
variation of the natural frequencies, but the model showed poorer predictive performance 
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(Figure 4a) with respect to the other methods. 
The analysis of residues (Figure 5) confirms the previous considerations. Moreover, it 

points out that the residues provided by MLR (Figure 5a) are still correlated with the natural 
frequencies while those provided by SOBI and PCA are not (Figure 5b-d). This is probably 
due to a discrepancy between the temperature at the site and the temperature of the cable as a 
result of direct sun radiation. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 5: Residues of MLR (a), PCA (b), SOBI (c) and SOBI with correlated noise (d). 

 

Figure 6: Comparison between estimated and recorded temperature (January, 2015). 

Comparison of the source identified by SOBI and the recorded local temperature provided 
an indirect verification of this assumption. Since the sources are characterized by zero mean 
and unit variance, the estimated source has been rescaled and shifted in order to show the 
same mean and variance of the recorded temperature. Figure 6 shows that the source is able 
to catch the general trend of variation of the temperature, but some differences can be 
observed. Since the model describing the variations of the natural frequencies with the 
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temperature appears to be accurate (Figure 4c), the source was expected to be a good 
estimation of the temperature of the cable. Thus, the discrepancies can be reasonably 
associated to the scatter between the temperature of the cable and the local temperature at the 
site as a result of direct sun radiation.  

4 CONCLUSIONS 

Environmental factors can have a significant impact on the dynamic response of civil 
structures and their components. The variations they induce, for instance, in natural 
frequencies are often in the same order of magnitude of those caused by damage, thus making 
the application of modal based SHM in the real world very challenging. In order to reduce 
the problems of false or missed alarms as a consequence of the environmental influence on 
modal parameters, the effective modeling of the environmental and/or operational variations 
is definitely a critical issue. An innovative approach for compensation of environmental 
effects has been presented in the paper. It is based on Second Order Blind Identification and 
it does not require measurements of the environmental and operational variables influencing 
the modal parameter estimates. A major advantage with respect to other similar techniques, 
such as PCA, is its capacity to model the environmental and operational variability of natural 
frequencies and, at the same time, to trace the variability of the EOVs up to a scaling factor 
and an offset. The performance of SOBI in removing the environmental effects has been 
assessed in comparison with other well-established techniques and with reference to a real 
case study, obtaining promising results. Nevertheless, further investigations are needed to 
evaluate the performance of SOBI in the presence of multiple EOVs influencing the modal 
parameter estimates. 

5 ACKNOWLEDGMENTS 

The present work has been partially supported by the ReLuis-DPC Executive Project 
2014-2016, Special Project “Monitoring”, whose contribution is gratefully acknowledged. 

REFERENCES 

[1] C. Rainieri, G. Fabbrocino, Automated output-only dynamic identification of civil 
engineering structures. Mechanical Systems and Signal Processing, 24, 678-695, 2010. 

 
[2] C. Rainieri, G. Fabbrocino, Development and validation of an automated operational 

modal analysis algorithm for vibration-based monitoring and tensile load estimation. 
Mechanical Systems and Signal Processing, 60-61, 512-534, 2015. 

 
[3] C. Rainieri, G. Fabbrocino, E. Cosenza, Near real-time tracking of dynamic properties 

for standalone structural health monitoring systems, Mechanical Systems and Signal 
Processing, 25, 3010-3026, 2011. 

 
[4] C. Rainieri, G. Fabbrocino. “Operational Modal Analysis of Civil Engineering 

Structures: An Introduction and Guide for Applications”. Springer-Verlag ISBN: 978-1-
4939-0766-3 (2014). 

 
[5] C.R. Farrar, K. Worden. “Structural health monitoring: a machine learning perspective”. 

John Wiley and Sons Ltd. ISBN: 978-1-119-99433-6 (2012). 
 



10 
 

[6] H. Sohn, C.R. Farrar, F.M. Hemez, D.D. Shunk, D.W. Stinemates, B.R. Nadler. “A 
review of structural health monitoring literature: 1996-2001”. Technical Report LA-
13976-MS, UC-900, Los Alamos National Laboratory, New Mexico 87545, USA 
(2003). 

 
[7] C.R. Farrar, S.W. Doebling, P.J. Cornwell, E.G. Straser, Variability of Modal Parameters 

Measured on the Alamosa Canyon Bridge, Proceedings of The XV International Modal 
Analysis Conference, Orlando, Florida, USA, 1997. 

 
[8] B. Peeters, G. De Roeck, One-year monitoring of the Z24-Bridge: environmental effects 

versus damage events. Earthquake Engineering and Structural Dynamics, 30, 149-171, 
2001. 

 
[9] A. Deraemaeker, E. Reynders, G. De Roeck, J. Kullaa, Vibration-based structural health 

monitoring using output-only measurements under changing environment, Mechanical 
Systems and Signal Processing, 22, 34-56, 2008. 

 
[10] A.-M. Yan, G. Kerschen, P. De Boe, J.-C. Golinval, Structural damage diagnosis under 

varying environmental conditions – Part I: A linear analysis, Mechanical Systems and 
Signal Processing, 19, 847-864, 2005. 

 
[11] J.F. Hair, W.C. Black, B.J. Babin, R.E. Anderson. “Multivariate Data Analysis”. 

Prentice Hall (2010). 
 
[12] A. Belouchrani, K. Abed-Meraim, J.F. Cardoso, E. Moulines, A blind source separation 

technique using second-order statistics, IEEE Transactions on Signal Processing, 45, 
434-444, 1997. 

 
[13] J. F. Cardoso, A. Souloumiac, Jacobi angles for simultaneous diagonalization, SIAM 

Journal on Matrix Analysis and Applications, 17, 161–164, 1996. 
 
[14] A. Belouchrani, A. Cichocki, Robust whitening procedure in blind source separation 

context, Electronics Letters, 36, 2050–2051, 2000. 
 
[15] C. Rainieri, Perspectives of Second-Order Blind Identification for Operational Modal 

Analysis of Civil Structures, Shock and Vibration, Article ID 845106, 2014. 
 
[16] F. Poncelet, G. Kerschen, J.C. Golinval, D. Verhelst, Output-only modal analysis using 

blind source separation techniques, Mechanical Systems and Signal Processing, 21, 
2335-2358, 2007. 


