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ABSTRACT: In recent years, several structures have been equipped with permanent monitoring systems, able
to record the response both in terms of displacements and strains over very long periods of time and, theoreti-
cally, for the entire life of the structure. Despite of the number of applications, very few studies have been
presented aimed at interpreting the data and providing a means for detecting and localizing the insurgence of
damage or material degradation from the measurements. The paper describes the features of typical data flows
produced by a continuous static monitoring system and provides an approach to an algorithmic treatment of
these data. The discussion will be based on data obtained by means of a computer simulation of a typical
bridge structure subjected to environmental loadings. The application of some algorithms will also be dis-
cussed, showing advantages and disadvantages of the proposed approaches. A multi-algorithm procedure is

finally proposed.

1 INTRODUCTION

Structural Health Monitoring can be defined as real
time structural condition monitoring based on feed-
back information from the structure during its ser-
vice life, in terms of response and performance un-
der operational and environmental conditions. While
there have been many works on SHM in relation to
mechanical or aerospace structures, monitoring of
civil structures is still at a preliminary phase. In or-
der to prevent failures of civil structures, SHM sys-
tems have been recently developed and applied to an
increasing extent. At the core of any health monitor-
ing system stays the ability to automatically identify
structural damage, considered as a weakening of the
structure that negatively affects its performance.
Damage identification means, at the simplest level,
determining that some type of damage has occurred.
At a deeper level, it includes damage localization
and finally the assessment of the extension and se-
verity of damage (Sikorsky 1999).

In general, the development of successful health
monitoring methods depends on two key factors:
sensing technology and the associated signal analy-
sis and interpretation algorithms. Sensing technolo-
gies have achieved a good level of accuracy in the
last years and a variety of different methods and al-
gorithms for identifying damage in civil structures
have been proposed. The majority of these methods
have been focused on dynamic-based techniques,
but, in the last few years, also static-based proce-

dures have gained increasing importance. With a
dynamic-based approach, location and severity of
damage is identified by measuring a change in the
global dynamic properties of the monitored struc-
ture. The dynamic response is usually compared
with the results from a field-calibrated simulation
model (Kim et al. 2003).

On the contrary, static-based techniques allow
damage identification by measuring changes in the
static structural response. The measured quantities
are typically displacements or strains under envi-
ronmental and applied thermal loads. This type of
monitoring needs the realization of complex perma-
nent instrumental monitoring systems, enabling in
principle a continuous evaluation of the actual safety
conditions of structures. For this purpose, only long
periods of observation seems to give reliable infor-
mation (Masri et al. 2004).

In addition, difficulties and uncertainties increase
in presence of great civil structures, having a spatial
and behavioral complexity and uniqueness. Due to
the particularity of this class of structures, a defined
mechanical model of structural response cannot be
clearly associated to the structure to monitor (Del
Grosso & Lanata 2001). Due to the fact that meas-
urements are not taken during special purpose short-
term experiments, but during long-term day-to-day
operation, the data contain a very large amount of
information, the meaning of which is not always
clear. As a consequence, the main problem of a con-
tinuous static long-term monitoring system is not the



acquisition of the information, but rather the choice
of the algorithms to process the vast heap of infor-
mation and provide useful and simple measure of a
structure’s health status (Lanata & Del Grosso
2004).

In the static field, data interpretation has always
been conducted in terms of signal processing tech-
niques (Biondani et al. 1987, Omenzetter et al. 2004,
Del Grosso et al. 2000), but the problem of damage
detection and localization has been only recently
faced. Some of the proposed algorithms derive from
the dynamic field, others are used for static applica-
tions. On the other hand, some applied procedures
are new in the field of damage detection (Riaz &
Feeny 2003). Despite of the continuous evolution of
these applications, in the field of continuous static
monitoring no reliable strategies for identifying
damage have been proposed and verified yet for
broad classes of civil structures.

In this paper the topic of structural damage iden-
tification for static long-term time series deriving
from the continuous monitoring of a broad class of
complex structures is faced. Since a non-model-
based approach has to be applied to this class of
structures, a long period of observation during nor-
mal operational life has been simulated by means of
a computer benchmark of a typical bridge structure
in the healthy and in the damaged states.

This paper reports the main aspects of more ex-
tensive studies conducted by the Authors (Lanata
2005).

2 BENCHMARK ANALYSIS: A TWO SPAN
CONTINUOUS BEAM

2.1 The finite element model

The proposed simulation was aimed to study the
structural response of a particular class of structures
like bridges. The simulation system has been em-
ployed on a two span continuous beam. The beam
has been supposed to be composed by reinforced
concrete. A MATLAB® based program has been
used for the simulation (Lanata 2005).

With the aim of studying the structural response
under ambient excitations, a thermal load has been
applied to the simulated structural model. Two dif-
ferent temperature distributions have been simu-
lated: the first one has been applied to the lower sur-
face of the beam and the second one has been
supposed to be applied to the upper surface, in order
to have a thermal gradient and consequent deforma-
tions in the modeled beam. Time history of tempera-
ture distribution at the lower surface has been gener-
ated from real temperature observations taken at a
measurement station in the Port of Genoa, Italy. A
time series of about 8 years of measurements has
been generated. The time series has been supposed
to have 4 measurements in a day, so that a total of

11000 temporal observations have been numerically
created. In order to consider the daily and the sea-
sonal variations, a white noise has been added to the
previous time series. According to real situations,
the range of variation for the temperature at the up-
per surface has been taken larger than the one at the
lower surface, to take into account for the effects of
sun, wind, and other atmospheric conditions.

It is outlined that the computed displacements are
relative to a reference displacement obtained apply-
ing a temperature of 15°C to the lower surface of the
beam and a temperature of 25°C to the upper sur-
face. This state of the structure has been considered
as the reference state of the structural model.

2.2 Simulation of the structural response in the
undamaged state

The structure has been virtually equipped with a set
of displacement sensors. The installed sensors have
been chosen with the aim of simulating a monitoring
system composed by long-gage fiber optic sensors
(Glisic & Inaudi 2003) with a distributed configura-
tion. The sensors have been supposed to have a
measurement precision of 2 microns.

A set of 12 sensors has been virtually installed at
the reference state of the structure; 6 of them have
been mounted on the lower surface and the other 6
sensors have been located on the upper surface, in
order to measure the deformations between two
points of the upper and lower surfaces of the beam.
The sensor configuration has permitted to compute
also the curvature changes in the vertical plane. Sen-
sors have been located at the mid span and near the
supports of each span, in symmetric positions, so as
to cover almost completely the beam (Fig. 1).
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Figure 1. Sensor location within the beam.

Measurements deriving from the virtual monitor-
ing are the elongation and the shortening of the sen-
sors, and they are relative to their initial length in the
reference state. The monitoring system has been de-
signed for giving the long-term response of the
structure; for this reason 4 measurements in a day
have been generated, according to the temperature
measurements. Measurement errors have also been
simulated by means of a white noise, with a range of
variation of the order of the sensors precision. Data
analysis and interpretation has been also conducted
in terms of vertical curvature (Murpillot 1999).

An example of sensor elongations measurements
at a single sensor location is shown in Figure 2. It re-
fers to the healthy state of the structural model and
characterizes the long-term structural response dur-
ing 8 years of observations. A strong correlation



with the temperature measurements clearly appears.
Figure 3 shows the curvature plot in the central sec-
tion of each span of the beam. It has to be outlined
that the plotted curvatures are the local ones of the
single section (with one sensor on the lower surface
and one on the upper surface) and not the global
curvature of the beam. It can be observed that in
terms of curvatures the response of the structural
model is smoother and it appears significantly stable
in time.
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Figure 2. Displacement measurements at a sensor location and
temperature distribution at the upper surface of the beam.
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Figure 3. Time-curvature-temperature plot for a certain section
containing 2 sensors (in vertical direction).

2.3 Simulation of damage scenarios

After the study of the structural model in the healthy
state, different damage scenarios for the beam have
been simulated. Different input variables can be in-
troduced in the program in order to simulate various
damage scenarios: the time at which the damage oc-
curs, the locations of the damage (in one or more
elements of the designed mesh, so as to create mul-
tiple damages) and the percentage of damage of the
single damaged element. In this application, the
damage has been represented by a finite element of
the mesh with a reduced flexural rigidity. As a con-
sequence, the stiffness matrix of the damaged ele-

ment has been represented as a certain fraction of
the healthy element stiffness matrix, i.e. with a lo-
calized reduction in the Young’s elasticity modulus.

The damage simulation has had the aim of detect-
ing when damages occurred in the structural model
and the minimum extension that could be detected,;
therefore, the chosen damages have been small and
of limited severity, such as to simulate degradation
phenomena of structural properties.

While for sensor elongation measurements no
evident correlation to the damage formation has
been observed, for the curvature plot a variation in
the response trend of the sections containing damage
has appeared also for small damages (Fig. 4). The
shift increases and becomes more evident when
damaged area extends. It has been concluded that
curvatures are much more sensitive to damage than
are displacements.
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Figure 4. Time-curvature plot in a section containing damage.

3 APPLICATION OF DAMAGE DETECTION
ALGORITHMS TO THE SIMULATED DATA

3.1 Signal processing algorithms

The main difficulty encountered in the field of the
damage detection from a continuous static monitor-
ing is that the existing studies apply different meth-
ods to different structures, rendering side-by-side
comparison more difficult. On the contrary, the fo-
cus of this work was to apply different methods to
the same simulated structural response for compar-
ing damage sensitivity of the various algorithms.

A selection of the algorithms proposed in the lit-
erature has been first applied to the simulated data,
in order to identify the most suitable damage detec-
tion algorithms. First of all, simple predictive mod-
els (Box & Jennkins 1976) have been applied to the
simulated structural response, in order to extract a
trend with specific threshold limits characterizing
the normal operational life of the structure. Any de-
viation from this behavioral range could be associ-
ated to a damage occurrence. Autoregressive mod-
els, neural networks and genetic algorithms are not
presented in this paper, because they can be consid-



ered as evolutionary developments of the predictive
methods.

Also the classic Fourier analysis has been consid-
ered inadequate for the purpose of this work; it is
only capable of detecting changes in the frequency
contents of the structural response without any spa-
tial information useful for damage localization. As a
consequence, wavelet algorithms have been chosen
because they can be considered as the evolution of
the Fourier transform capable to give also informa-
tion on the localization of damage (Chui 1992). The
analysis has been employed in terms of continuous
and discrete wavelet analysis.

The mentioned algorithms can be viewed as a
study on a single section of the structure. For a bet-
ter analysis, a methodology capable to give a multi-
resolution characterization among adjacent sections
has been searched for. The response surfaces (lwa-
saki et al. 2003) and the Proper Orthogonal Decom-
position (Kreuzer & Kust 1996) are both providing
temporal and spatial correlation analysis between the
structural responses measured at different sensor lo-
cations. However, since response surface analysis
has already been applied in the field of dynamic-
based damage detection, Proper Orthogonal Decom-
position has been chosen in this paper because it
represents a new procedure in the field of damage
identification.

3.2 Predictive models

A predictive model is a set of mathematical equa-
tions designed to forecast future behaviors based on
current or historical data. Once built, a predictive
model can instantly execute the analysis of data,
making a forecast of the future with certain previ-
sion bounds. In the present paper, to provide a sim-
ple example, a fitting analysis has been conducted
on the simulated time series of sensor elongations
and curvatures.

The fitting interpolation has been constructed us-
ing the responses before damage initiation. Damaged
observations have been excluded from the fitting in
order to have a reliable forecast based on the previ-
ous structural response that can be considered as un-
damaged. In order to provide a sufficiently reliable
procedure, at least 2 years of observations before
damage initiation are needed. A Fourier series has
shown to interpolate with a good approximation the
stationarity of the input time series in terms of sen-
sor elongation measurements, and it has been used
for the construction of the response prediction with
its relative confidence intervals at 99%. In the case
of curvature time histories, a linear polynomial func-
tion has been used to interpolate the data.

The utilization of predictive models seems to be a
promising development for studying the day-to-day
structural response. A statistical analysis of the
number of measurements outside the prediction

bounds (Fig. 5) could give a better interpretation of
the minimum threshold of damage detection. The
number of observation outside the prediction bounds
is proportional to damage extension and severity.
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Figure 5. Fourier fitting analysis at a damaged sensor location.
In the damaged behavior the sensor elongation time series
shifts from its normal trend (dotted circles).

3.3 Wavelet analysis

Many types of different wavelets have been applied
to the simulated time histories, in order to detect the
most appropriate ones for the analysis. After the
choice of the best wavelet using the undamaged
state, the analysis has been performed for different
damage scenarios (Fig. 6).
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Figure 6. 3-D representation of the time-scale variation of the
continuous wavelet coefficients for the curvature time series.

The Continuous Wavelet Transform has revealed
to be a reliable procedure for detecting the initiation
of damage in time, but also its localization in space.
In fact, simulated damages, probably for their lim-
ited extension, affected only the structural response
in proximity of damage itself and not the global be-
havior of the structure. The variations of wavelet co-
efficients have permitted to say that a damage has
occurred in proximity of the sensor that showed the
anomalies. Also the Discrete Wavelet Transform has



shown to be a reliable methodology for both detect-
ing and locating structural damages, but with a
lower accuracy and for a greater damage extension.
In this sense, DWT appears less sensitive to damage
than CWT.

When the analysis has been performed in terms of
curvature time histories, damage detection has been
easier. By the other hand, a clear shift could be ob-
served directly in the time history of curvature data
(Fig. 4).

The main drawback of the Wavelet Transforms is
that the identification of damage permits to detect
damage initiation only and not its persistency in
time. Damage can be observed only when it causes a
shift in the signal, because the signal retrieves a new
regularity after the initiation of damage. If time se-
ries should have an interruption at the time of dam-
age appearance, the wavelet transform cannot be
able to detect damage.

Other focal points of the analysis have been the
minimum duration of observation to extract a struc-
tural behavior to be defined as undamaged, and the
period of observation necessary after damage initia-
tion in order to be able to see that damage has oc-
curred. These two aspects strongly depend on the
edge effects that the procedure implies. It has been
observed that the edge effects are important and they
alter almost 1 year of observation. This implies that
at least 2 or 3 years of observation before damage
initiation are needed. On the other hand, because of
the same edge effects, a period of at least 1 year of
observation after damage occurrence is necessary.

3.4 Proper Orthogonal Decomposition (POD)

The POD is a procedure for extracting a basis for a
modal decomposition from an ensemble of spatially
distributed data. By this statistical technique, the dy-
namic response is projected on a subset of the state
space in which the most dominant dynamic effects
take place. The time-invariant eigenfunctions repre-
sent the most persistent features in the system, while
the corresponding time-function amplitudes are un-
correlated. The variance of a time function serves as
a measure for its dominance. Mode shapes of a
structure can be extracted without measuring a series
of frequency response functions by simply imple-
menting POD on the measured response data.

To the Authors’ knowledge, the application of
POD in the field of structural damage detection has
never been attempted. The idea is to extract a spatial
and temporal correlation between the installed sen-
sors, related in a certain way to the normal modes
contained in the structural response. These features
are then used to detect if the extracted correlations
are sensitive to damages. As a consequence, the pro-
posed method can be able to both identify in time
and locate in space the initiation of damages (Lanata
2005). The algorithm has been applied time after

time to the generated time series in order to simulate
exactly the evolution of measurements during the
monitoring phases. The POD uses all the previous
temporal values to compute the autocorrelation func-
tion and to derive the spatio-temporal behaviour of
the model. It has been observed that the structural
behavior tends to damp its oscillations with the pro-
gression of the period of observation. This means
that the statistical procedure is not reliable for peri-
ods of observation up to 2 years, because not enough
measurements are available. The procedure has
shown to be improved when a longer (at least 3
years-long) time series has been studied. This can be
easily inferred from the 3-D plot in Figure 7, which
shows the spatio-temporal behavior of the beam for
the mode corresponding to the time function with
the higher variance: the fluctuation of the global
structural behavior at each sensor location decreases
while increasing observation time. Also in the case
of POD, at least 2-3 years of observations are
needed before a reliable damage identification pro-
cedure using POD can be applied.
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Figure 7. 3-D plot of the first mode shape in time-space do-
main.

Regarding damage identification and localization,
the study has been conducted in terms of correlation
between the computed mode values in adjacent sen-
sor locations. The comparison of the first mode
value at neighbouring spatial locations and for dif-
ferent damage extension and location has shown that
a strong correlation exists between the level of the
damage and the POD extracted values. Figure 8
represents the variation (%) of the POD values while
increasing damage extension. The threshold of dam-
age detection between the healthy and the damaged
states can be identify as 10%: when POD values
change less than 10%, the structure can be consid-
ered as healthy.



4 CONCLUSIONS

Based on the previous results, it is the Authors’
opinion that damage sensitive features and the corre-
sponding statistical classification schemes must be
developed on a case-by-case basis taking into ac-
count the specific properties of the structure being
monitored and the specific properties of damage that
is to be detected. The classification procedure must
be trained with data from the actual system to set up
appropriate threshold levels sensitive to damages,
and that do not produce false positive indications of
damage.

100

POD values variation [%]

Damage progression

Figure 8. Variation (%) of the POD values at a sensor location
versus damage progression.

The main objective of the work was to detect
anomalies in the long-term time series deriving from
a continuous structural monitoring. Damage thresh-
old to be identified had to be relatively small, in or-
der to detect damage that doesn’t appear by visual
inspection. As a consequence, different algorithms
have been selected and applied to the simulated
long-term time series deriving from the benchmark
study.

In principle, all the selected procedures have been
capable to detect damage in time and to locate it in
space. However, wavelet transforms identify damage
initiation only and not its persistency in time. POD
overcomes this limitation, because it is able to detect
correlation changes between sensors in adjacent sec-
tions. Predictive models detect damage when the
structural response overcomes a pre-defined thresh-
old level, defined from the analysis of structural be-
haviour in the previous undamaged state.

Minimum threshold level for the identification of
damage changes using different algorithms and dif-
ferent input data. This means that different proce-
dures and also different characterisations of the
structural response have a different sensitivity to
damage extension and severity. The accuracy of
damage identification is significantly improved
when POD is applied. POD shows to be much more
sensitive to damage in comparison with the other al-
gorithms applied in the study.

As a conclusion, each algorithm has revealed able
to extract different properties from the input data
with different threshold limits. Since an optimal and
unique algorithm cannot be proposed depending on
the variety of applications, a multi-algorithm proce-
dure seems to be the only reliable approach for dam-
age detection in the field of continuous static moni-
toring.
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