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Abstract

Structural Health Monitoring (SHM) is the discipline that concerns about the

health condition of engineering structures, mechanical systems, aerospace mod-

els, at every moment during their utility life. The primary object of SHM is to

spot damage, if present, in the observed system and give a consequent diagnosis.

Damage can be considered as a variation in the properties of the system that per-

manently affects the performance of the structure. This variation is meaningless

unless contextualized as a comparison between two different states: damaged and

healthy. It is precisely this deviation from normal conditions that approaches like

vibration-based algorithms are looking for. Vibration-based SHM aims to imple-

ment a strategy to correctly detect damage through the assessment of changes

in the identified vibration response of civil structures. The structural response is

represented, employing a compact representation of its primary traits, called dam-

age sensitive features (DSFs). It can be stated, therefore, that the effectiveness of

vibration-based methodology in identifying damage depends on the robustness of

the chosen DSFs. They need to be sensitive enough in spotting anomalies in the

structural behavior, but at the same time, they need to be insensitive as much

as possible towards temporary or seasonally variation of the structural properties

that fall into the common behavior of structural systems.

In this dissertation, two typologies of DSFs are investigated: the first type,

well known in the SHM research community, is derived from the response of the

system using user’s dependent extraction algorithms, while the other is directly

computed from the response of the system using digital signal processes alone. In

both approaches, the effects of external conditions, like the seasonal variation of

air temperature, are accounted for. Within the first kind of DSFs, an automated

procedure is proposed to reduce the interdependency of the algorithm from the

user’s abilities, leading to a robust identification procedure, more suitable for

long-term monitoring purposes. The second health indicator here proposed offers

a very low-burden computation cost, with almost non-existing dependency from

the user and its extraction process makes these features less sensible to external

variation like temperature. The two DSFs and the associated extraction processes

are investigated and validated both numerically and experimentally.



Experience is simply the name we give our mistakes.

Oscar Wilde
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Chapter 1

Introduction to Structural

Health Monitoring

Structural Health Monitoring (SHM) is, in short, any automated monitoring prac-

tice that seeks to assess the condition or health of a structure. Its beginnings as an

area of interest to engineers can be traced back as far as the time when tap-testing

for fault detection became common, although the field did not really become estab-

lished in research communities until the 1980s, when much interest was generated

in the structural condition of oil rigs, and later in aerospace structures and their

health. Nowadays, SHM is a popular and still growing research field, which is

more and more becoming a focus of the civil infrastructure community.

This chapter aims to provide a general overview of SHM. The potential benefits

of implementing SHM within a Statistical Pattern Recognition (SPR) framework

will be outlined before discussing the common issues arising when attempting to

create/implement such a system.

1.1 What is SHM?

This dissertation focuses on the key role of the indicators chosen to represent the

health status of structures within SHM. We talk about SHM every time that the

objective of the investigation is assessing the health condition of a system under

observation that could suffer from some malfunctioning. Therefore, SHM method-

ologies have been implemented for different kind of systems: civil structures, me-

chanical and aerospace models. The work concentrates on civil structures, but
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many topics and methodologies addressed in this work are interdisciplinary and

come from different expertise areas and therefore, can be as well transferred to

different research areas.

SHM takes care of identifying damage in civil structures and gives informed

decisions about their health condition along with their service life. Accurate and

updated information about the performance level of a building or a bridge, im-

plemented within a real-time damage assessment framework, can promptly alert

the community that infrastructure is serving towards immediate danger. More-

over knowing the actual condition of the structure allows to design optimized ex-

traordinary maintenance plans, update the ordinary ones, and coordinate regular

inspections to report the condition of the infrastructure.

SHM approaches have been in constant evolution for decades; indeed, on the

one hand, they are designed for structures which evolve in turn and on the other,

they need face the continuous upgrade of the sensor technology and data analytics.

Nowadays, structures are build in a Big-Data scenario (Alampalli et al. 2016),

where many measurements related to the response of structures and their health

conditions can be easily collected. The innovation stays in finding methodologies

to efficiently analyze and read the data collected to improve the safety conditions

of the infrastructures and of the community that uses them.

Considering the crucial role that infrastructures play in our lives, it is essen-

tial to carry on this check up on their health status, trying not to interfere with

their ordinary performance. Sensor technology allows us to equip structural sys-

tems with sensor networks and record their behavior during both operational and

extraordinary conditions, without shutting down the facilities and their services.

Accelerometers are the most common sensors adopted for SHM purposes, and

consequently, we are used to seeing the structure response in terms of acceleration

time histories. Recently the research attention has focused on also other types of

quantities representing the structural behavior, like strain, displacement, veloc-

ity (Sohn et al. 2001; Xia et al. 2005) and also different technologies to acquire

them: MEMS, cameras (Lee and Shinozuka 2006; Lynch et al. 2003). Regardless

of the quantity measured, the health condition of almost the totality of mechan-

ical systems, including civil structures, can be read in their vibration response.

Vibration-based SHM methodologies are the ones looking for strategies to effi-

ciently spot damages and anomalies in a structures performance, only working

with its recorded vibrations response. They look for changes in the regular pat-
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tern of the structures attitude because vibration-based techniques rely on the fact

that damage is represented by any variation in the material and/or geometric prop-

erties of the structure that will hinder its current or future performance (Farrar

and Worden 2012). Then, it is intuitive that this alteration reflects in the struc-

tural behavior, but it can be recognized only keeping in mind the healthy state

because this deviation exists only with respect to a reference condition. Contin-

ually measuring the structural vibration response allows to keeping track of the

structural condition along with time and it offers robust information of the struc-

ture in undamaged situations so that when the structural response is measured

after the damage occurred, the deviation from normal behavior will be neat.

The methodology just described would work beautifully if only the mechanical

properties of structures, and consequently, their structural behavior depends only

on damage variation; unfortunately, this is not the case. It is vital to remember

that mechanical systems are built in an environment which is going to interact

with the system itself. Environmental and operational conditions inevitably affect

the structural behavior, and there are several studies and research that confirm

it. Intuitively, something like temperature fluctuation may change the material

properties and the geometry characteristics of a structure. It is essential to keep in

mind that the variation caused by environmental and operational changes could

be, in some cases, higher than the ones due to damage and consequently they

could hide damage occurrence or also give a false alarm regarding the structural

health. Peeters and De Roeck 2001, for example, established a nonlinear corre-

lation between the ambient temperature and the fundamental frequencies of the

Z24 Bridge, a bridge in Switzerland kept under monitoring for a whole year. The

influence of temperature variation on frequencies became prominent when the tem-

perature fell below the freezing point with variation up to 15%. Alampalli 1998

shows evidence of the discrepancy observed on the dynamic behavior of a bridge

under different temperature conditions. The study case is a steel-stringer bridge

with a concrete deck, that is subjected to artificial damage: the bottom flanges of

the two main girders are damaged. In this work, the modal response of the struc-

ture characterizes the dynamic behavior, directly derived from the acceleration

response of the bridge excited by impulse force hammer. Two different studies

are carried on: one in which the air temperature is above the freezing point and

a second one in which is below it. In the first case, the damage is identified com-

paring the modal parameters extracted from the acceleration time histories of the
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bridge in undamaged conditions with the ones computed from the measurements

in damaged ones. The artificial cuts in the bottom flanges of the girders, cause a

reduction of the elements stiffness which automatically reflects in the frequencies,

being directly proportional stiffness. The first three frequencies indeed show a

drop after damage occurrence. This observation does not remain consistent when

the temperature reaches values below freezing point and in this particular case,

the frequencies extracted under damaged condition result to be higher than the

ones computed in the undamaged situation. This unexpected behavior is justified

by a change in the boundary conditions of the bridge caused by the shallow tem-

perature, which, instead of acting as a simply supported system, is behaving more

like a partially fixed one.

The systematic observation that can be derived from these experimental stud-

ies is that the environmental influence on the structure needs to be taken into

account in the application and implementation of any vibration-based damage de-

tection methodology. The problem can be managed at two different levels of a

damage detection approach: model or feature level. One proposition could be of

having a methodology based on a model that can learn the regular pattern and

behavior of structures under common environmental and operation fluctuations.

This knowledge would consequently allow distinguishing the changes related to

damage from the ones coming from other external factors. Another approach

could be working on the features adopted in the representation of the structural

behavior of the system. Choosing parameters that are less sensitive as possible to

environmental conditions and more influenced by damage would strengthen the

procedure. These two ways of solving the problems are both valuable, and they

are both investigated in this work. The two can be developed and optimized by

solving the SHM problem within the context of statistical pattern recognition.

1.2 A Statistical Pattern Recognition Framework

for SHM

As aforementioned, vibration-based approaches look for deviations from the ob-

served behavior of a system along with time. These changes can be caused by

damage or oscillating environmental and operational conditions. The goal is to

learn, which is the acceptable fluctuation around a regular behavior and use it to
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spot anomalies caused by damage. This can be done comparing during the mon-

itoring period, every new and unknown information with the established model

of the healthy structure, and whenever the new information falls far from that,

damage occurrence can be presumed.

The discipline that is best up for this role is pattern recognition. According to

Bishop 2006 pattern recognition investigates the discovery of regularities in data

through the use of computer algorithms and after learning these regularities, the

final aim is to classify the data into different categories. Three keywords arise from

the previous definition: regularities, learning, and categories. For each problem

that is going to be solved within a pattern recognition framework, it is fundamental

to specify how these three points are defined as respect to the specific study case.

Because the principal aim of SHM is being able to say if a structure is damaged

or not, the definition of categories is pretty straightforward; the system can be

classified either in damage or healthy category. However, what can be defined

as a pattern? In pattern recognition, patterns represent features summarizing

the necessary information of the objects that have to be classified. The patterns

regarding SHM problems that can represent the typical characteristics of the two

classes are called damage sensitive features (DSFs). As previously pointed out,

the damage is related to a variation in the material/geometrical properties of the

structure, and it reflects in a change of the systems behavior. However, it has been

stressed out how the structural properties are also affected by the fluctuation of

environmental and operational conditions, like seasonal temperature variation or

a sudden change in the exciting conditions of the structure, like a wind storm. All

these effects are temporary and do not compromise the structural performance on

a long period. Therefore it is crucial to choose, when it is possible, DSFs that are

less sensitive to these factors. If this is not possible, all these uncertainties can

still be taken into account, if the DSFs in SHM framework are modeled as random

variables and characterize them statistically.

The extraction of DSFs is one of the key steps in the implementation of the

SHM framed within the SPR scheme. Farrar et al. 2001 proposed a framework

for SHM, which is built using the statistical pattern recognition approach. This

paradigm results in the following steps:

1. Operational evaluation;

2. Data acquisition;
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3. Damage sensitive feature extraction;

4. Statistical modeling;

5. Decision Making.

The first task of the framework concerns about the context in which the specific

SHM problem takes place. The operational evaluation consists in identifying the

initial information regarding the study case, answering questions like:

1. What are the economic and/or life safety motives for performing the moni-

toring?

2. How is damage defined for the monitored system?

3. What are the conditions, both operational and environmental, under which

the system to be monitored functions?

4. What are the limitations on acquiring data in the operational environment?

Therefore, operational evaluation lays the foundation to build a suitable damage

assessment approach, completely customized on the structure. To give an exam-

ple of how the operational evaluation of a specific problem may be formulated, let

us consider the case where the owner of a highway overpass decides to monitor

the deflection level of the deck under traffic load after ten years of service life.

Many factors over the years could have affected the performance of the overpass

reducing its service life before the ordinary maintenance. Monitoring the maxi-

mum deflection of the deck is an easy way to check the conditions of the structure

in comparison with the original design. These infrastructures are often designed

considering inputs that evolve with time like traffic, and often they are caught

under heavier loads than the designed ones. During the operational evaluation,

it could then be decided that displacement transducers and accelerometers could

allow the monitoring the deck deflection so to trigger an alarm whenever such

values exceed the safe thresholds. During this time, seasonal cycles of high and

low temperature would also cause variation in the dynamic of the structure and,

accordingly, instrumentation, like thermocouples, apt to measure these effects of

such external conditions must then be provided, in order to distinguish their ef-

fects from those triggered by traffic load. Additionally, the instrumentation must
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be placed in accessible locations without interfering with traffic, while the number

of sensors must be sufficient and well placed to accurately and uniquely monitor

the maximum displacement of the deck. Feasible and optimal sensor placement is

then another aspect to consider during operational evaluation.

Once the monitoring system is designed and installed, the SHM procedure

requires the acquisition of the data. The type of sensors and their position on

the structure are discussed in the previous section, but in the data acquisition

step, there other important decisions to make regarding the measurement process.

For example, an important case dependent consideration expressed in this step

is how often the data should be collected. If the principal aim is to check the

behavior of a structure under fatigue, the data need to be collected continuously;

otherwise, if the object is checking the condition of a bridge under long-return

period earthquakes, the acquisition can be set at relatively long time intervals.

Such data cannot be used directly but must be processed to ensure their accu-

racy. Data are collected under varying conditions, and a post-process to normalize

them becomes vital to use them correctly. Disciplines like digital signal processing

offer several different procedures to normalize the data efficiently, but the correct

methodology depends on the context and on the type of features that are going

to be extracted from that data. In some cases, it can be useful to normalize the

data with respect to the measured inputs or try to come up with a normalization

technique that allows getting rid of sources of variability like environmental or

operating conditions.

Once the data acquisition and cleaning step is complete, the feature extrac-

tion process is performed. The best features for damage detection are typically

application specific because their choice is optimized for the monitoring purpose.

Accordingly, to the DSFs chosen to represent the structural behavior of the sys-

tem, the vibration response is manipulated to derive these traits. Since SPR

approaches are interdependent with machine learning algorithms, it is essential

to present the features in the best way to process. In this context, DSFs are

assumed to be assembled into vectors. The dimensions of the feature space need

to be well-calibrated: it should not be too big to reduce the computational cost

in the actual analysis of data, but at the same time, these vectors cannot be too

small otherwise there will not be enough information to characterize the struc-

tural properties correctly. An essential point of the SPR strategy is that there

are no restrictions on the adopted features nature or regarding their combinations
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in the feature vector. For example, for taking into account the environmental

fluctuations of a bridge within a damage assessment approach, a valid choice for

the feature vector might be: the first four structural frequencies of the bridge, the

time when the measurements were made, and temperature and humidity reading

from the system.

The two final steps of the SPR paradigm concern the statistical modeling of

features extracted from the response of the system and the decisions process that

comes from the outcomes of the statistical investigation.

The development of statistical models, built over damage sensitive features, is

designed and optimized with the final object of identifying the damaged. As al-

ready mentioned, the algorithms used in statistical model development usually can

be classified as supervised or unsupervised approaches, depending on the availabil-

ity or not of labeled data. Regardless the specific nature of the chosen statistical

model, the construction of the model per se is carried on in the so-called training

phase, where the real learning process happens, together with the definition of

the boundaries of what has been called the region of conformity with the typi-

cal structural conditions. The successive testing phase represents the incipit of

the decision-making process. Once the integrity state of the structure has been

assessed, such information must be fed into a cost-benefit analysis aimed at deter-

mining what is the best action to take to optimize the infrastructures management.

This dissertation mainly addresses strategies to perform the third and fourth steps

of these methodologies.

1.3 Learning Patterns in an Unsupervised Way

The pattern recognition action is achieved in the learning phase of the statisti-

cal model construction. This process needs to be defined because usually, there

exist different pattern recognition methodologies according to the type of the cho-

sen learning procedure. When the learning experience is based on a data set for

which the corresponding class is known a priori, meaning that the data are al-

ready correctly labeled, the recognition process is called supervised learning. The

learning starts from an established pair of inputs and outputs to infer a function

that could be later used to map new examples into the correct category. Unfor-

tunately this kind of learning process, for SHM, would require the availability of
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response time histories of the system under both healthy and damaged conditions,

however, measurements during damaged situations are rarely available and this

ill-condition the learning experience. This problem regards all mechanical health

monitoring. Think, for example, in a machine monitoring system, the acquisition

of measurements of the machine in its healthy state is inexpensive and easy to ob-

tain. On the contrary, recordings during the damaged conditions of the machine

implied the failure of those machines. Therefore, it is extremely rare to have a

very well-sampled negative class (He and Garcia 2008).

Unsupervised learning, on the other hand, comes from the neuroscientific theory

proposed by Hebb 1949. The learning mechanism for Hebbian relies only on inputs

coming into the system to produce patterns of activity. Thus, such models can

learn without needing to produce particular responses, without any explicit tasks

or directed attempts to learn, and without requiring teaching signals. Therefore

unsupervised learning is equivalent to a blind search for patterns in the unlabeled

data that can then be later used to determine the correct output value for new data

instances. The latter is the preferable mode in the context of civil engineering, and

for this reason, in this dissertation, unsupervised pattern recognition strategies are

explored to identify damage occurrence.

Among the unsupervised methodology, cluster analysis and novelty detection

are the most robust and used methodologies. However, the body of methods

concerned with the SPR problem performed under unsupervised learning mode

is novelty detection. Generally, pattern recognition problems focus on the clas-

sification of two or more classes. In novelty detection; instead, the problem is

approached within the framework of one-class classification (Moya et al. 1993):

one class, the regular class, has to be separated from all other possibilities. The

basic assumption is that the positive class is well defined, with enough samples,

while the other class(es) is/are severely under-sampled. The scarcity of negative

examples can be due to high measurement costs, or the low frequency at which ab-

normal events occur. Unsupervised classifiers methodologies try separate as much

as possible the categories that they identify in the data and that they recognize

to have no similarities. In structural damage detection, they should be able to

perform this task between features associated with the damaged scenarios and the

ones related to the health conditions.

Within the novelty analysis, the problem is solved in two phases. During

the first phase, called training, the damage sensitive features are extracted from
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the response of the undamaged system under different external conditions. This

population of features is used to construct a statistical model, called the training

model, which represents the normal state of the system. The second phase, called

testing, occurs when the systems integrity must be assessed. At this time, the

DSFs are extracted from the systems response under unknown conditions, and

their conformity to the training model is tested. If the new features are found

unlikely to be realizations of the training model, they are labeled as outliers, i.e.,

representative of a damaged condition.

Searching for patterns in data and learn those behaviors can be exploited, not

only in the damage detection assessment along with the service life of a structure

but also within the features extraction process itself. In this work, both these

ways of using unsupervised learning are addressed.

1.4 Damage Sensitive Features: Literature

Review

The feature extraction step, presented in the SPR paradigm is one of the most

critical points in the research area of SHM. It represents the process of comput-

ing the damage sensitive properties directly from the vibration response of the

structure. DSFs are the parameters allowing to detect the damage in a monitored

system.

Before diving into the different existing type of DSFs and their extraction, it

is essential to point out that, for almost all the features, it is better to perform

some form of data processing, compression and fusion procedures to optimize the

extraction process itself and the reading of information from the features.

The modal parameters (frequencies, damping ratios, and mode shapes) are the

first features that come in mind when thinking about DSFs for detecting damage

detection in civil structures. They were the first indicators to be used for this

purpose because their relationship with the structural properties was believed to

guarantee high sensitivity to damage. Moreover having features linked directly

to structural, mechanical properties allows to interpret their variation better and

relate them to physical causes. It has been proved with time, numerically and

experimentally, though, that especially frequencies are not always reliable damage

sensitive features. Indeed, there are two main issues in using them as DSFs. First
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of all, they are not sensitive only to damage, but they tend to be also affected by

external variations like environmental fluctuations and changes in the operational

conditions. Vandiver 1975 addresses the influence of operational variations over

frequencies in one of his investigation of the dynamic response of an offshore light

station tower. He extracted the frequencies associated with the first two bending

modes and first torsional mode of the system. The author observed 1% shifts in

frequencies caused by a fluctuation in the effective mass of the tower caused by

the sloshing of fluid in tanks mounted on the deck. The same entity of variation is

observed by systematically removing members from a numerical model, showing

that damage of most members produces comparable changes to the ones observed

in normal working conditions. Farrar et al. 2000 carried on two crucial studies

on the Alamosa Canyon and the I-40 bridges, both in New Mexico, in which they

investigated their dynamic response under temperature variation. They observed

the changing in the first natural frequency between 1996 and 1997, and then ten

years later. They derived that the first natural frequency of the Alamosa Canyon

Bridge varies by 5% during a 24-hour cycle due to the temperature differential

across the bridge deck. Similar fluctuations of the first natural frequency were

observed in the I-40 bridge, where it was also possible to simulate four damage

scenarios of increasing severity, by gradually cutting one of the girders. Farrar and

his colleagues observed that the change in the first modal frequency generated by

damage presents a comparable magnitude with the one induced by the effect of

temperature. Even more counter-intuitive was the finding that, under the first two

damage scenarios, the value of the first natural frequency increased, rather than

decreasing. Again, this unexpected result was found to be caused by in-service

temperature conditions variations.

Another important disadvantage is that modal frequencies represent a global

property of the structure. Consequently, it is challenging to derive information

from frequencies shifts other than the presence or absence of damage. For example,

frequencies rarely can give information about the possible location of the damage.

Doebling et al. 1996b show that lower modal frequencies are little sensitive to

localized and contained damage, while environmental effects may significantly alter

them. On the other hand, higher modal frequencies, being related to localized

behavior of the structure, could be more sensitive to damage but remain very

difficult to identify due to their low modal participation factor.

When structural damage happens at different locations, it reflects in multiple
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variations in terms of frequencies, associated with distinct combinations of changes

in modal frequencies. However, usually, it is not possible to identify all the fre-

quencies needed to find the location of the damage uniquely. Therefore, the use of

frequencies as DSFs right know results to be more efficient when these variations

can be precisely measured in a controlled environment, such as for quality control

in manufacturing.

Damping properties have not been used for damage detection problems as con-

sistently as frequencies and mode shapes. However, there are some cases in which

damping coefficients could represent a good choice as DSF. When investigating

crack detection in a structure, for example, damping coefficients perform better

than frequencies and mode shapes as DSFs because damping changes help to de-

tect the nonlinear, dissipative effects associated with cracks. Modena et al. 1999

show that cracks, which could not be detected with simple visual inspections,

produce small variations in structural frequencies and require higher mode shapes

to be detected. On the contrary, these same cracks reflect with more significant

changes in the damping parameters, sometimes of the order of 50%. The authors

focus on finding manufacturing defects or structural damage in precast reinforced

concrete elements. The peculiar dynamic response of reinforced concrete justifies

the use of damping and nonlinear responses as DSFs. They implement two new

techniques based on changes in damping to detect cracks. The first method, which

is applicable for a classically damped system, estimates stiffness on the measure-

ments of the modal damping variations and the bending curvatures. The second

methodology, instead, involves the viscous and friction components of damping

and the identification of damage through friction detection and characterization.

Among modal parameters, mode shapes result to be more suitable DSFs be-

cause their nature makes them informative about the dynamic spatial configura-

tion of the system. The disadvantages associated with the mode shapes are the

requirements and assumptions that need to be maid to extract them correctly. The

efficiency in mode shapes derivation entirely depends on the correct positioning

of the sensors. A strategic localization of the sensors leads to richer information

and also allows to limit the search of changes in smaller areas. Ahmadian et al.

1997 built a procedure for localizing damage that adopts measured displacements

of a structure combined with an analytical model to locate faults. When damage

occurs only in some parts of the structure, the associated substructures modes are

affected and show a variation, but the ones related to other substructures will be
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unaffected. Damage in a particular substructure changes the participation factors

of the higher modes of that subpart, but not the ones of the others subparts. The

authors constructed their procedure, relying on this observation.

Modal curvature is an extremely effective DSF which can be directly derived

by mode shapes, and it is potentially the most sensitive to damage. Maeck and

De Roeck 1999 implemented a stiffness-based procedure for doing damage detec-

tion, localization, and quantification, and they validate it using the data recorded

on the Z24 bridge in Switzerland. Frequencies and mode shapes are used to com-

pute the dynamic stiffness of the system. The method depends on the assumption

that the bending stiffness of a beam is equal to the ration of the bending moment

and the corresponding curvature, which is the second derivative of the bending

deflection. Changes in the dynamic stiffness, given by changes in the modal cur-

vature, indicate the presence of damage. This relationship makes the modal cur-

vature way more sensitive to local damage than modal displacements. However,

modal curvature needs to be used carefully because even if extremely sensitive to

damage is also the one most prone to variance induced by error sources Doebling

et al. 1996a.

Kullaa 2003 offered a very robust example of how the modal parameters could

be correctly used as DSFs within a SPR paradigm. He used modal frequencies

combined with mode shapes and modal damping ratios to built a control chart to

identify damage. He validated this approach using the measurement recordings

of the Z24 bridge in Switzerland, which was intentionally subjected to damage

scenarios of increasing severity.

Control charts are tools ordinarily used in statistical quality control to deter-

mine if the manufacturing of a product is in a state of statistical control. Varia-

tion of the quality in any manufactured product is assumed to be driven either by

aleatory uncertainties, which are inevitable or by epistemic uncertainties, which

can ideally be detected and corrected Allan 1959. Control charts are plots of

the limits within which variations of the process properties are considered to be

natural, values of the process properties falling outside such limits indicate the

occurrence of changes in the process that are generally attributed to epistemic

uncertainties, and that are then, in principle, correctable. There exist different

versions of control charts that vary depending on the modalities of computation of

the control limits. Kulla proposed several different options for the control chart,

all based on the common idea that the structure is declared damaged whenever
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an index, function of the modal properties, exceeds the upper control limit.

This dissertation stresses another critical point which arises when using modal

parameters as DSFs. Even when frequencies result to be the best damage sensitive

feature, their extraction procedure is exceptionally dependent on the users exper-

tise. Several methodologies can be applied to extract modal parameters, some

more simple than others, but all of them require some level of competence, which

makes their computation affected by a high level of variability and uncertainty.

The Fourier analysis of the measured response offers a potent tool to derive

DSFs different from the modal properties. Worden et al. 2000 demonstrated the

use of outlier analysis as a valuable mean to conduct structural damage detection

using transmissibility functions and spectrum characteristics of simulated and ex-

perimental data. The proposed method works with the Mahalanobis Squared

Distance (MSD) (Mahalanobis 1936), a weighted Euclidean distance of a random

vector from the mean of a population of random vectors, where the covariance

matrix of the population represents the weight. MSD is used to measure the sim-

ilarity level of a new incoming feature with the training model, represented by

the mean and covariance matrix of the population of features extracted from the

response of the system under healthy conditions. In damage detection, an outlier

is represented by a damage sensitive feature manifesting a behavior different from

that shown by the same features extracted from the response of the system under

conditions known to be undamaged. In order to conclude whether the observed

discordancy is to be considered alarming, the MSD of the possible outliers fea-

ture is compared against a threshold value. In Worden et al. 2000, it is suggested

the threshold be determined by first generating a set of identically and normally

distributed random numbers, by then evaluating their MSD and picking the max-

imum value, and by finally repeating the same procedure numerous times to select

as threshold the value exceeded only by the 5% of the resulting maxima.

There is a family of DSFs which follows a completely different approach with

respect to the features previously cited and it still dominantly used in statistical

pattern recognition problems for SHM: the ARMA family models and the wavelets.

Their relation to structural properties is less straightforward (Nair et al. 2006)

than the one showed by the modal properties or frequency spectra because these

features come from directly processing the response time histories.

Wavelet transform permits the analysis of a signal in the time-frequency do-

main. The use of the energies of the Haar and Morlet wavelet transform coeffi-
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cients, intended as the sum of the squares of the wavelet coefficients, were analyzed

as potential DSF (Nair and Kiremidjian 2009; Young Noh et al. 2011). The main

contribution of this work was that of demonstrating how the energies of the wavelet

coefficients are related to the structural properties, then satisfying the condition

to be feasible candidates as DSFs. Further advantages related to the use of the

wavelet-based DSFs are their compactness and the fact that they can be extracted

from the response of a system under nonlinear conditions. Staszewski et al. 1997

extended the concept of wavelet analysis. They proposed a wavelet-transform-

based technique to enhance defect detection in a carbon fiber composite plate

tested using ultrasonic Lamb waves, additionally incorporating an optical fiber

receiver. The authors applied the fundamental symmetric Lamb waves into the

sample plates adopting a piezoelectric transducer (operating frequency 250 kHz).

They introduced an embedded single-mode optical fiber forming the signal arm of

an optical fiber Mach-Zehnder interferometer to monitor the acoustic pulses. Low

amplitude direct Lamb wave reflections from delaminations were observed in the

sample plates, and there was a sharp improvement in the defect visibility given

by the use of wavelet-transform-based novelty technique.

Sohn et al. 2001 were the first to use AR/ARX coefficients within statistical

process control techniques. Initially, an Auto-Regressive (AR) model is fit to the

acceleration time histories of an undamaged system. The coefficients of the AR

model are computed and chosen as the DSFs for the control chart analysis. Then,

the AR coefficients obtained from new data are compared with the baseline AR

coefficients. Any significant deviation from the baseline of AR coefficients would

indicate either a change in environmental conditions or damage. Several projection

techniques such as principal component analysis and linear/quadratic projections

are also applied to transform the time series from multiple measurement points

into a single time series to reduce the dimensionality of the data and enhance

the discrimination between features from undamaged and damaged structures.

Finally, the statistical procedure, combined with the AR time prediction model,

is applied to vibration test data acquired from a concrete bridge column as the

column is progressively damaged.

Sohn et al. 2001 also proposed novelty detection approach where AR coefficients

are adopted as DSFs within a framework similar to the one used by Worden

et al. 2000, to demonstrate the potentials of pattern recognition as an efficient

alternative to the more usual frequency approaches. Nair et al. 2006 also employ
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a combination of the first three AR coefficients modeling the measured response

time histories of the ASCE benchmark structure, described in Johnson et al. 2001,

as DSFs. The authors solve the damage detection problem by using hypothesis

testing. In particular, they use the t-test, under the null hypothesis that the

mean of the training and testing populations of AR-based DSFs are the same, i.e.,

that the system is undamaged. In the same work, the authors also propose an

AR-based index able to locate damage, based on the Euler distance between the

cluster of undamaged and unknown damage sensitive features.

1.5 Thesis Scope and Organization

Over the last few years, there has been an increasing trend in the civil and struc-

tural engineering community of instrumenting dense sensor networks on struc-

tures for SHM purposes. Such sensor networks commonly stream measurement

data continuously, collecting and storing a massive amount of information daily.

Although this is an encouraging trend for SHM, very often it seems that little is

done with the data collected.

The academic research has proposed several methodologies in the past twenty

years to use vibration monitoring data for damage assessment and SHM, but

there has always been a lag in the application of these approaches to experimental

monitoring data and real civil study case. One of the main reasons behind this

slowdown is the high computational cost that is often required by these method-

ologies and the dependency of almost all of them on the users expertise. Indeed,

a suitable framework should have a small computational burden to speed up the

analysis of big monitoring data and, at the same time, it should be user-friendly

so to be used without any particular expertise background on the methodology

itself.

Looking at SHM within a SPR framework, the integrity level of a structure is

determined by the observation of DSFs, which represent the structural behavior.

It is the choice of these indicators and their extraction process that often represents

the sensitive and time-consuming step in all damage detection strategies.

This dissertation focuses on looking for suitable DSFs to be used for vibration-

based damage detection methodologies, implemented for SHM cases. Initially,

the thesis explores the well-known modal parameters and their extraction process
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(Part I), while, later on, it focuses on the investigation of new indicators (Part

II). The third part (Part III) of this dissertation is dedicated to the monitoring

analysis of the historic Civic Tower in Rieti.

In Chapter 2, an alternative way to derive the modal parameters from the

vibration response of structures is presented. The proposed approach consists of

five steps, for which the number of choices that user has to make is highly mini-

mized and, additionally, precise information is given to set the parameters driving

the methodology. An initial introduction on state of the art about automatized

methodologies to extract modal parameters is given, followed by the definition of

the problem statement. The framework is built on the application of the Data-

Driven Subspace Stochastic Identification algorithm, and a theoretical overview of

this system identification technique is provided. Subsequently, the proposed ex-

traction process is presented in every single step. The application of this procedure

can be found in the last chapter of this dissertation (Chapter 5).

In Chapter 3 the use of audio indicators as novel damage sensitive feature is

investigated. The performance of two different features, usually used in the field of

speaker and speech recognition is here tested to carry on damage detection on civil

structures. These audio features are the Cepstral Coefficients (CCs) and MPEG-

7, which are commonly adopted to give a compact representation of the speechs

signal. They can be easily extracted from the structural response by means of

digital signal processes alone. Given its primary focus, this chapter will also be

instrumental in better appreciating the role, and properties of the DSFs in the

context of SPR approaches. Outlier analysis will be then exploited to distinguish

the damaged from the undamaged states of the structure. The technicalities of

the application of the proposed algorithm will be studied with particular emphasis

on the problem of data normalization concerning external factors. The validity of

the proposed algorithm is studied on numerical data from simulated shear-type

systems.

In Chapter 4, the cointegration technique is introduced for the normalization

of DSFs. This approach is well-known in the field of econometrics, where it is

used to remove trend from nonstationary time series. Here, cointegration is used

to clean Cepstral Coefficients from environmental dependency. The first part of

the chapter focuses on the theoretical background of the methodology, address-

ing both the original and a novel formulation. A numerical and an experimental

application are provided to show first how the temperature variation affects Cep-
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stral Coefficients and then to validate the application of cointegration to remove

environmental trends from these DSFs.

In Chapter 5 the integrity assessment of a RC-masonry tower equipped with a

Non-Conventional Tuned Mass Damper (NC TMD) located in Rieti (Italy) is car-

ried on. Some of the DSFs described in the previous chapters, modal parameters in

Chapter 2 and Cepstral Coefficients in Chapter 3, are computed starting from

the data collected during the three-years long monitoring campaigns conducted on

the historic tower. Initially, an historical and geometrical description of the struc-

ture is given, with a report on the passive control system installed on the tower.

Subsequently, the monitoring campaigns are described, with detailed information

about the monitoring system placed for the long-term monitoring campaign.

The fourth and last part of the dissertation sums up the findings and contri-

butions of the research while identifying possible streams of future research.
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Part I

Modal Parameters as Damage

Sensitive Features
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Chapter 2

Unsupervised Extraction

Process of Modal Parameters

This chapter introduces an automated alternative extraction process to derive

modal parameters from the vibration response of structural systems. This method-

ology offers a powerful tool to compute frequencies, damping ratios, and mode

shapes within a framework that is built over user-independent parameters.

Firstly, an overview is given about the automated procedures available in the

literature, followed by the theoretical background of Stochastic Subspace Identi-

fication, which is the system identification technique at the core of the proposed

methodology. Later the procedure itself is presented in theory, step by step, high-

lighting the parameters driving the extraction process. The proposed automated

methodology is tested on the experimental monitoring data collected on the Civic

Tower of Rieti.

2.1 Introduction to Automated System

Identification Procedure

The accuracy of vibration-based SHM approaches, performed within a SPR frame-

work, stands with their capability of describing the structural dynamic behavior

and tell when it diverges from the observed normal patterns. Within this aim,

novelty detection approaches based on feature tracking are the most established

and popular methodologies to spot anomalies. They consist of constructing a sta-
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tistical model that knows and learns the normal behavior of the structure. This

model is built starting from the observation over time of particular features which

best represent and sum the health condition of the monitored system. The main

assumption is obviously that the chosen features are the most robust to tell if

something is deviating from the regular behavior.

In civil engineering, we mentioned that the most common features adopted

to represent the reference dynamics of a structure are the modal parameters:

frequencies, damping ratios, and mode shapes. The pro and cons of using modal

parameters as DSFs were exhaustively presented in the previous chapter. Modal

information, particularly frequencies, are susceptible to variation in stiffness, and

this means that theoretically, they represent one of the best choices for performing

damage detection. However, two main disadvantages have been pointed out in

using modal parameters as DSFs: the uncertainty hidden behind their extraction

process and their extreme sensitivity to environmental and operational changes.

This chapter accounts for the first problem, addressing a methodology to reduce

the uncertainties carried on with the computation of modal parameters.

The feature extraction process, which is the third step in the SPR paradigm, is

a very significant step. The signal processing tool used to extract modal features

needs to be carefully chosen. Indeed, it establishes the accuracy in the definition

of the healthy structural state and, the ability to track this information.

System identification is the process which aims to characterize the behavior

of an unknown system assuming it is describable by a specific mathematical rep-

resentation. The chosen model is then used to estimate the system’s physical

parameters (i.e., mass, stiffness, and damping) starting from measured experi-

mental data. Structural identification starts from the measured response of the

system and the external excitations and tries to determine a mathematical re-

lation between them. Three different representation of the same model can be

built depending on the level of details about what is happening inside the system.

They depend on the complexity level of the model and on the parameters that are

used to represent the system: white, gray, and black-box models (Kim and Lynch

2012a,b).

The so-called white-box models are physics-based model derived from the first

principles of Newton equations and, they have a powerful and direct physical

meaning. However, such models will be too complicated and sometimes impossible

to find in reasonable time due to the complex nature of processes involved.
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In the gray-box model, also known as semi-physical models, the details of what

is going on inside the system are not totally explicit. Therefore, a specific model

based on both insight into the system and experimental data is constructed. This

model does, however, still have some unknown free parameters which can be esti-

mated using system identification.

Black-box model are data-driven mathematical models derived by subspace

system identification. Most system identification algorithms are of this type.

Ljung 1987 proved that subspace identification could be a powerful tool for

control engineers. Unfortunately, they have been introduced later in the civil

engineering area because of the absence of a direct and easy way to derive the

physical meaning and its complex mathematical derivation. In the last twenty

years, subspace system identification has made significant inroads in the civil

engineering field. Nowadays, black-box models are the most commonly adopted

tools for extracting information about structural systems. Indeed, despite the

lack of mathematical mapping the state-space parameters to the physical ones,

it is possible to directly derive from it the modal model, which provides modal

parameters for a measured structure (Kim and Lynch 2012b). Both models can

be obtained using either input (excitation) and output (response) measurements

(I/O identification) or the single output (O/O identification).

O/O structural identification is the process which provides structural param-

eters and the mathematical model starting only from the measured response of

the system. This approach implemented in Operational Modal Analysis (OMA)

methodologies has received growing interest in the civil engineering community

due to several benefits compared to I/O identification and the related experi-

mental modal analysis. In OMA approaches, the structure is operative during

the monitoring, as only the responses to ambient vibrations are utilized. More-

over, using O/O algorithms, there is neither the necessity to measure the input

during operative conditions nor to excite the structure with artificial excitations

of sufficient intensity to overcome the unavoidable ambient noise. Experimental

Modal Analysis (EMA) techniques, instead, are more challenging, especially in the

presence of large-scale structures, because installing a controlled and measurable

exciter on large scale structure (e.g., bridge, dam, etc.) is complex and sometimes

unfeasible. Over the years, OMA has gradually developed as an autonomous tech-

nique, even though most OMA methods have been derived from EMA procedures.

OMA differentiate from EMA in the type of input, which is a known quantity in
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EMA, while it is a random process in OMA. Therefore, while EMA procedures

are developed in a deterministic framework, OMA methods can be seen as their

stochastic counterpart.

The application of O/O system identification techniques comes with disadvan-

tages as well. A single run of a system identification technique, which is associated

with a specific set of parameters, leads to the computation of a single set of modal

estimates. It consequently brings with itself a certain uncertainty level. It is has

been observed that the identification results are highly sensitive to the selections of

these parameters, and this could often affect the accuracy of the techniques them-

selves. As reported in Peeters and Ventura 2003, even when applying the same

methodology to the same data, different users end up with different results. Even

if for most of these techniques, there are general guidelines for correctly choosing

the parameters, the accuracy of the final identification is highly dependent on the

user’s expertise. Reynders et al. 2016 offers a methodology to quantify this un-

certainty admitting that the identified modal parameters present a certain level

of inaccuracy and that that level needs to be computed. They define a method

for estimating the covariance of modal characteristics that are identified with the

stochastic subspace identification approaches and validate the methodology for

two civil engineering structures.

There is one parameter which needs to be chosen by the analyst in all paramet-

ric system identification techniques: the model order of the system n. Unfortu-

nately, the model order is usually an unknown in the identification problems, and

even when it is known, it does not guarantee the best identification of the struc-

tural modes. Several proposals have been made for model validation techniques in

order to automatically choose n, so that the prediction capacity of the identified

model is maximized Ljung 1987. Van der Auweraer and Peeters 2004 proposed an

alternative approach, based on the empirical observation that often in modal iden-

tification investigations, the structural physical modes appear at nearly the same

eigenfrequency when the model order is over-specified, while spurious modes do

not. In this approach, parametric models are performed for a wide range of model

orders and, the identified modes are plotted in a model order vs.eigenfrequency

chart, known as stabilization diagram. The physical modes should then display

as vertical lines in this diagram. Although the stabilization diagram has become a

vital tool in modal testing, its interpretation, i.e., the selection of physical modes

from the diagram, is often not straightforward. The results may depend on the
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judgment of the analyst, and possible additional validation criteria may be needed.

In addition to the model order, all parametric system identification techniques

imply the definition by the user of a set of parameters characterizing the algorithm

itself. Even when the best fitting of these parameters is found for a specific record,

rarely it is possible to keep these values fixed along with a continuous and long

monitoring campaign. This instability and uncertainty in the accuracy of the

final identification are more evident for real complex structures, for which the

fundamental assumptions, under which these algorithms live, are not always valid.

However, in SHM applications, the main concern is about correctly identifying

the structural modes instead of ranking the prediction capacity of an identified

model. On the wave of this through an incredible research effort has been spent on

automating the identification of structural modal parameters using parametric al-

gorithms. The focus has been mainly on three complementary aspects. The first is

the conception of identification algorithms that can deliver more clear stabilization

diagrams. Then there is the study of additional parameters to characterize the

modes estimates to make a more well-founded selection of the stable modes. The

last point is the development of methodologies to perform an automatic analysis

of the information usually presented in stabilization diagrams.

Verboven et al. 2002 and Vanlanduit et al. 2003 are among the first ones to

give additional criteria to distinguish the physical modes estimates from the spu-

rious ones, that is suitable for all system identification methods. They use fuzzy

C-means clustering for classifying the modes, estimated with frequency-domain

Maximum Likelihood Estimation for a single model order n, into two categories:

physical and spurious modes. From that moment on increasing attention has been

paid to this topic, with the formulation of methodologies for automated identi-

fication Brincker et al. 2007; Deraemaeker et al. 2008 relying on OMA methods

based both on control theory and on conventional signal processing.

After the elimination of all or at least part of the spurious mode estimates,

it is still necessary looking for a procedure to group all the values related to the

same physical mode. The most simplistic approaches overcome this step with the

selection of conservative model order. However, this is not very correct, because it

can happen that the selected model does not contain estimates for all the modes.

Additionally, even when all estimates are present, there is no guarantee that those

provided by that model order are the best ones. A straightforward way for the au-

tomatic interpretation of stabilization diagrams is to develop algorithms to mimic
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the decisions that an experienced modal analyst takes during the examination of

a stabilization diagram.

Pappa et al. 1998 were perhaps the first to report a methodology based on

hierarchical clustering for separating structural modes with similar properties,

using the eigenfrequency difference and the MAC value as distance measures.

They successfully applied it to automate the Eigensystem Realization Algorithm

(Juang and Pappa 1985) for an EMA analysis of the Space Shuttle tail rudder.

Chauhan and Tcherniak 2008 present slight variations on the original approach

of Pappa et al. 1998. Goethals and Moor 2004 propose an alternative distance

measure, incorporating the eigenfrequency and damping ratio difference. Closely

spaced modes are detected through the presence of modes with the same model

order in the same cluster; they are then separated using the MAC value. Allemang

et al. 2010 use yet another distance measure, namely the MAC value between

extended, pole-weighted mode shape vectors that are identified for each mode.

Verboven et al. 2004 present quite a different approach, where it is assumed that

the number of modes in one cluster is a priori known; this is, however, rarely the

case. A successful application of hierarchical clustering is reported by Magalhaes

et al. 2009, who analyzed more than 2500 high-quality datasets collected on a 280

m span concrete arch bridge.

Alternatively, Scionti and Lanslots 2005 use fuzzy C-means clustering to group

the modes, present in a stabilization diagram, directly into a user-defined number

of C clusters. The clustering is performed in the eigenfrequencydamping ratio

plane. The main drawback of this approach is that the number of clusters is

a user-defined quantity. Additionally, several non-intuitive enhancements to the

basic C-means clustering algorithm and a combination with genetic algorithms are

needed to provide reasonable results.

Reynders et al. 2012 propose one of the most complete fully automated tech-

nique to derive modal parameters from measured vibration data. The motivations

driving this research are not only related to an improvement in terms of time-coast

approach. They recognize the importance of implementing this kind of informa-

tion to reduce as much as possible the user interaction and to apply these pro-

cedures easily to different kind of health monitoring problems. They implement

a three-stage clustering strategy to interpret stabilization diagrams easily. The

three stages cover the stages that every user should be supervising when carrying

the analysis manually: defining the thresholds for clearing out the stabilization
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diagram, identifying the columns associated with stable modes, and choosing a

representative mode from each column. The methodology proposed in Reynders

et al. 2012 is widely validated using the monitoring data of the Z-24 bridge in

Switzerland.

Recently Ubertini et al. 2013 combined in a single methodology different ap-

proaches derived from previously proposed automated system identification method-

ologies (Magalhaes et al. 2009; Reynders et al. 2012). The methodology is val-

idated in several works. It happens to provide very consistent results, even for

complex historic structures that often do not stick with the theoretical assump-

tions that need to be assured when applying O/O extraction techniques (Ubertini

et al. 2017).

In this chapter, an alternative automated procedure to derive modal parame-

ters is proposed. The following methodology depends on the application of the well

established Data-Driven Stochastic Subspace Identification (DD-SSI) algorithm.

In Section 2.2, the problem background is defined in the subspace domain, and

then the theoretical steps to implement DD-SSI are laid down with the parame-

ters governing this algorithm (Section 2.3). Finally, in Section 2.4, the proposed

automated procedure to derive modal parameters is presented in detail in all his

steps.

2.2 Problem Statement

The system identification technique explored in this work, DD-SSI, belongs to

the family of subspace methods. Their background theory is widely explained

by Van Overschee and De Moor 2012, together with a historical survey of the

concepts involving subspace identification. This algorithm aims to completely

identify a linear dynamic system through the extraction of the structural matrices

representing the system itself in the state space domain.

A finite-dimensional linear time-invariant dynamic system is commonly repre-

sented by a set ofN second-order differential equations. Using the matrix notation,

the equation of motion can be expressed as

Mz̈(t) + Lż(t) +Kz(t) = f(t) (2.1)

where z̈(t), ż(t), z(t) ∈ RN×1 are respectively the acceleration, velocity and
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displacement vectors and f(t) is the forcing function. Instead M,L,K ∈ RN×N

are the mass, damping and stiffness matrices.

Nevertheless among all the possible mathematical representations of dynamic

systems, state-space models have become very popular in particular because they

are well suited for system analysis, numerical simulation and controller design via

established and robust techniques. In this case the dynamic system is represented

by a set of 2N second-order differential equations. The transition from the set of

second-order differential equations to the first-order set is possible by introducing

a new vector: the state vector x(t), which recollect the displacement and velocity

vectors

x(t) =

[
z(t)

ż(t)

]
(2.2)

The introduction of the state vector leads to the reformulation of the dynamic

system described in Equation 2.1 considering the consequent new arrangements

of matrices. Therefore a discrete-time linear-time-invariant state-space model is

defined as

x(k + 1) = Ax(k) + Bu(k) + wp(k) (2.3a)

y(k) = Cx(k) + Du(k) + wm(k) (2.3b)

where x ∈ Rn×1 is the state vector, u ∈ Rp×1 is the input vector, y ∈ Rm×1

is the output vector, A ∈ Rn×n is the system matrix, B ∈ Rn×p is the input

matrix, C ∈ Rm×n is the output matrix, and D ∈ Rm×p is the direct influence

matrix, with p indicating the number of input time-histories and m indicating

the number of output time-histories and n indicating the system order in the

subspace (n = 2N). Equation 2.3a is the State Equation and Equation 2.3b is the

Observation Equation. Such a model is linear since the variables u, x and y appear

linearly in Equation 2.3, and it is time-invariant since the matrices A, B, C and

D are constant over time. The system in Equation 2.3 is supposed to completely

state controllable and observable. The vectors wp ∈ Rn×1 and wm ∈ Rm×1 take

into account the noise in the process and in the measurement, respectively. The

standard assumption is that the process and measurement noises are zero-mean

white stationary processes, uncorrelated with the input vector u and the output

vector y. It is important to underline that switching to this state-space model

the physical meaning of the identification is completely lost and the matrices in
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Equation 2.3 define a black box, hiding the system physical information. DD-SSI

has shown to be extremely effective in identifying the matrices of structural models

when both input and output measurements are available.

When the input measurements are not available but can be assumed to be

white and stationary, the system in Equation 2.3 can be rewritten as

x(k + 1) = Ax(k) + w′p(k) (2.4a)

y(k) = Cx(k) + w′m(k) (2.4b)

where w′p ∈ Rn×1 and w′m ∈ Rm×1 are zero-mean white stationary processes in-

cluding the original process and measurement noises and the effect of the unknown

input on the state equation (Bu(k)) and on the measurement equation (Du(k)).

As a result w′p and w′m satisfy the same assumptions as the original process and

measurement noise.

In the Output Only approach, the input measurements are not available and

the system information are collected in the single output data set y(k),available

for s temporal steps.

{y(k)} = {y(0),y(1),y(2) . . .y(s− 1)} (2.5)

The state space system itself, described by Equation 2.3 occurs with a substantial

new face, where matrices B and D are no longer taken into account, because

directly linked to the input data set. The ultimate goal remains the same of input-

output approach: the system identification through the available system matrices

and the determination of the system order n, given the system measurements. In

this case, only A,C are computed, but they present enough information to extract

the system modal parameters Luş et al. 2003.

2.3 DD-SSI

Among all the existing system identification procedures defined in the state space,

DD-SSI is one of the most popular and commonly used (Pridham and Wilson

2003, Kim and Lynch 2012a). DD-SSI directly starts from the response measure-

ment data of the system without any previous manipulation, unlike the covariance

version of SSI, where an initial correlation calculus is expected. Indeed, in DD-

SSI, the output covariance is computed through matrix projections. Therefore,
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it has become an attractive alternative to Covariance-SSI (Cov-SSI), because the

computational cost is highly reduced.

DD-SSI is a straightforward algorithm which is built over well-established linear

algebra tools, such as orthogonal projection, SVD, and QR factorization and is

driven by a small finite number of user-defined parameters.

The DD-SSI algorithm addressed in this work follows the version presented

by Priori et al. 2018, which also give specific guidelines for properly choosing the

parameters governing the algorithm. The structure of DD-SSI consists of five main

steps:

(i) The construction of the Hankel matrix;

(ii) The orthogonal projection of the future outputs onto the past outputs;

(iii) The choice of weighting matrices;

(iv) The extraction of the observability range space;

(v) The derivation of the system matrices.

Such steps are developed in the following section.

2.3.1 The Algorithm

The input to an output only DD-SSI algorithms is the sequence of measured system

output {y(k)} of length s (Equation 2.5). The outcome of the algorithm is the

set of matrices A and C. The main steps are:

(i) The construction of the Hankel matrix.

The output data are directly arranged in a block Hankel matrix H ∈ Rm·i×j,

split into two partitions:

H =

(
Yp

Yf

)
=



y(0) . . . y(j − 1)

y(1) . . . y(j)
...

. . .
...

y(i− h− 1) . . . y(i− h+ j − 2)

y(i− h) . . . y(i− h+ j − 1)

y(i− h+ 1) . . . y(i− h+ j)
...

. . .
...

y(i− 1) . . . y(i+ j − 2)


(2.6)
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where Yp ∈ Rm·g×j and Yf ∈ Rm·h×j are called respectively past outputs

and future outputs Van Overschee and De Moor 2012. The dimensions of

the partitioned Hankel matrix depend on four parameters (i, j, g, h) Priori

et al. 2018. The number of block rows i, the number of columns j and h (or

g) are independent and can be fixed by the user, while the parameter g (or

h) can be selected respecting:

g + h = i

In order to reduce the computational effort of the subsequent steps of the

algorithm, the block Hankel matrix H is decomposed by means of LQ de-

composition:

H = LQT =

(
L11 0

L21 L22

)(
QT

1

QT
2

)
(2.7)

Therefore The matrices Yp and Yf can be also expressed using L and Q

matrices:

Yp = L11Q
T
1 (2.8a)

Yf = L21Q
T
1 + L22Q

T
2 (2.8b)

(ii) The orthogonal projection of the future outputs onto the past outputs.

The orthogonal projection of the row space of Yf onto the row space of Yp,

which is denoted by Yf/Yp, can be directly calculated:

Π = Yf/Yp = YfY
T
p (YpY

T
p )†Yp (2.9)

The computation of Equation 2.9 can be efficiently made using LQ decom-

position (Equation 2.8):

Π = L21Q
T
1 (2.10)

(iii) The choice of the weighting matrices and extraction of the observability range

space.

In the third step the user needs to choose the weighting matrices. Indeed,
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the matrix Π is generally multiplied by two matrices W1 and W2:

P = W1ΠW2 (2.11)

where P ∈ Rm·h×m·g,W1 ∈ Rm·h×m·h,W2 ∈ Rj×m·g. There are several

options for the wighting matrices (Hong 2010), such as Partial Least Squares

(PLS), Canonical Correlation Analysis (CCA), Multiple Linear Regression

(MLR) and Enhanced CCA (ECCA), which coming out from multivariate

analysis methods.

(iv) The extraction of the observability range space.

The observability range space can be extracted by means of the SVD of the

matrix P:

P = USVT =
(

U1 U2

)( S1 0

0 S2

)(
VT

1

VT
2

)
(2.12)

From Equation 2.12 the order n of the system can be theoretically deter-

mined by considering the non-zero singular values of P, since n is represented

by the dimensions of S1. According to the main theorem of subspace iden-

tification Priori et al. 2018, the observability matrix O ∈ Rm·h×n can be

extracted from the singular values and vectors of P. Using the right sin-

gular vector matrix V1 corresponding to the first n singular values in S1

and the orthogonal projection in Equation 2.10, the extended observability

matrix can be extracted:

O = L21V1 (2.13)

(v) The derivation of the system matrices.

From the observability matrix,O, using its shift invariance property, the

matrices A and C can be obtained:

C = O(1 : m, :) (2.14)

A = O
†
O(m+ 1 : m · h, :) (2.15)

where O is the matrix O without the last block of q rows (where † represents
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the MoorePenrose inverse).. Once the system matrices are identified, the

extraction of the modal parameters of the system is straightforward.

2.3.2 Modal Model

The identification algorithms presented in the previous section permit to form

a black-box model for the studied system; obviously, I/O techniques provide a

realization with the matrices A, B, C, D, while O/O procedures only A and Cd.

From an identified black-box model without physical meaning, a modal model

can be obtained in a further step. The knowledge of frequencies, damping ratios,

and eigenvectors (mode shapes) is advantageous in many application within SHM

(e.g., model updating, damage detection). As previously said, when the objective

of structural identification is the sole estimation of the modal parameters of a

system, it is referred to as EMA in the case of knowledge of both input and output,

and OMA when only output is available. Modal parameters can be estimated from

the identified system and output matrices A and C. The decomposition of the

matrix A:

A = ΨΛΨ−1 (2.16)

gives the n discrete eigenvalues λ1, . . . , λn on the diagonal of the matrix Λ ∈ Cn×n.

Therefore, the natural frequencies ωn and the damping ratios ξn can be obtained

firstly transforming the identified discrete eigenvalues into the complex conjugate

pairs of eigenvalues of the continuous state matrix Ac according to:

λn =
1

∆t
ln(µn) (2.17)

Referring to systems with viscous proportional damping, From the eigenval-

ues it is possible to extract the pseudo-frequencies ωpk =
√
λkλ∗k and the pseudo-

damping ratios ξpk = −Re(λk)
ωpk

. The mode shapes in correspondence of the measure-

ment points (the columns of Φ ∈ Cm×n) are extracted from the system eigenvectors

Ψ, which are the same for the discrete and for the continuous representations, by

means of the output matrix C:

Φ = CΨ (2.18)
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2.3.3 Algorithm Parameters

There are four parameters in the DD-SSI algorithm that are chosen by the user,

and they influence the effectiveness of the algorithm itself, leading to unreliable

identifications if they are not correctly selected. These parameters are linked to

the dimensions of the Hankel matrix built with the measurements of the output

response and its subpartitions (namely, the past output submatrix and the future

output submatrix): i, h, j and g.

� The parameter i : The number of block rows of the Hankel matrix;

� The parameter j : The number of columns of the Hankel matrix;

� The parameter h: The number of block rows, h, of future output subpartition

Yf ;

� The parameter g : The number of block rows of the past output subpartition

Yp.

These four parameters can be fixed by the user, keeping in mind that they must

satisfy certain conditions such as g + h = i, and according to Cayley-Hamilton

theorem:

m · g ≥ n (2.19a)

m · h ≥ n (2.19b)

(2.19c)

The number of columns j is typically chosen on the basis of i and the number

of samples s in the time-history (Van Overschee and De Moor 2012):

i+ j − 1 ≤ s (2.20)

In this section, the effects of each parameter on the identification results are

discussed and some rules for their selection are presented.
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Parameter i

The parameter i is highly dependent on the structure to identify, particularly

from its frequency content and its damping properties. Moreover, the length of

the output structural measurements and the sampling frequency should be taken

into account as well in choosing the parameter i.

The parameter i defines the number of correlation points in Equation 2.9 and

therefore establish the amount of information of the system taken into account

for the identification. This makes the parameter i the primary feature strongly

affecting the Data-SSI performance.

Since the parameter i depends on the frequency content of the structure, its

choice depends on whether the lower frequency f1 of the studied system, or at

least a first estimate, is known or not considering the amount of information

carried by the specific chosen value. When an estimate of the frequency content is

available, it is possible to use a simple relation to determine the minimum value

of i (Magalhaes et al. 2009):
i

fs
f1 > nc (2.21)

where nc is the number of cycles of the lower frequency. Thus, fixing a value

for nc ≥ 1, the number of block rows is determined. Therefore a minimum value

of i, which ensures at least nc cycles of the lower frequency f1 can be determined

as follows:

imin = nc
fs
f1

(2.22)

Having a value of i < imin if nc is set equal to 1 will imply that there is not

even one full cycle of the lowest structural frequency in the segment of the time

histories considered in the identification and will make difficult, if not impossible,

to provide an accurate estimation of the lower frequencies.

It is worth pointing out that large values of i will allow us to handle the

information about the system better but, at the same time, will increase the

computational effort. Besides, especially in the presence of measurement noise,

having large values of i will introduce some inaccuracies such as fictitious numerical

modes (Rainieri and Fabbrocino 2014) which have nothing to do with the structure

under consideration.
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Parameter h

In terms of algorithm, h represents the number of block rows of future output sub-

partition Yf which is, respectively, the part of the entire output measurements

used by DD-SSI to extract the observability range space (the signal subspace).

Therefore, the parameter h, defining the number of rows of Yf , represents the

length of the prediction horizon and determines the number of rows of the observ-

ability matrix.

In order to extract that matrix, the algorithm retains the information of the

system contained in the past outputs Yp through the orthogonal projection.

In Literature (Peeters and De Roeck 1999; Ubertini et al. 2013) the size of

both past and output matrices is usually fixed and considered equal, according to

a symmetric partitioning, i.e h = g = 0.5i.

To consider the effects of h (and g) on the identification, three different situa-

tions need to be considered:

� (a) h = 0.5i: the number of block rows of the matrices Yp and Yf are

equal, the matrix P is square, and the problem presents only one solution

as the number of unknowns equals the number of independent equations

(determined problem);

� (b) h < 0.5i: the past output matrix Yp is taller (i.e., has more rows) than

the future output matrix Yf and the number of block rows of the matrix

P, as well as that of the observability matrix, are reduced. The number

of rows of the matrix P is less than the number of columns, corresponding

to an undetermined problem for which the number of unknowns is greater

than the number of independent equations. In this case, there is not enough

information to obtain a unique solution: among the possible solutions, it is

of interest the one that minimizes the norm of the unknown vector;

� (c) h > 0.5i: contrary to the previous case, the future output matrix, and

consequently the observability matrix, is taller. The matrix P becomes a

tall rectangular matrix, corresponding to an overdetermined problem for

which the number of independent equations is greater than the number of

unknowns; in this case, the least square method provides a solution that min-

imizes the sum of squared errors of the individual equations (Juang 1994).

This situation is preferred because in an ideal free noise problem provides
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the exact solution, as the case (a), while in the presence of noise, involves

the minimization of a squared error.

Since h is linked to the identification horizon and affects the amount of infor-

mation, DD-SSI uses to identify the model of the system, larger values of h may

result in an improvement of the performance of the algorithm. For this reason, it

may be convenient to partition the Hankel matrix in an asymmetric way choosing

h > 0.5i. On the other end, since g is related to the amount of information needed

to determine the observability range space, h cannot exceed a certain limit; oth-

erwise, the algorithm does not retain sufficient information to identify the system.

Thus, the selection of the value of h is strictly related to the chosen value of i and

should consider all the aspects taken into account for this parameter, above all

modal characteristics and sampling frequency.

The value of h, which ensures that, in the data, there are at least nc cycles of

the lowest frequency f1 is:

h ≥ ncβ (2.23)

Finally, the minimum value of h can be expressed as:

hmin = max(ncβ; 0.5i) (2.24)

Parameter g

The user can obviously choose a greater value of h but keeping in mind that the

corresponding value of g should ensure that the information about the system

contained in the g block rows of the past output matrix be sufficient to allow the

extraction of the observability matrix and the identification of the system matrices

through the orthogonal projections and the SVD. On such note, the minimum

theoretical value of g is determined following one of the conditions imposed in

Equation 2.19. Such a theoretical value of g is generally lower than the effective

minimum value, mainly because of the presence of noise in the measurements. In

practical cases, on the basis of Equation 2.19 it is suggested to use the following

rule:

g ≥ 10
n

m
(2.25)
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in which it is easy to define the minimum value of g:

gmin = 10
n

m
(2.26)

Parameter j

In Literature the problem of the selection of j is addressed (Chauhan and Tch-

erniak 2003; Pridham and Wilson 2003). The parameter is typically chosen ac-

cording to Equation 2.20, once the values of i are fixed. The purpose behind this

relation is to select the maximum available value for j because it can aid to reduce

the measurement noise and more temporal information of the signal is considered.

These benefits go with an increase of the computational effort due to the enlarge-

ment of the Hankel matrix. Thus, a good choice of j is a trade-off between all

these aspects.

It is worth to underline the connection between j and the number of block

rows of Yp. The Hankel matrix has j columns, each of which contains m · g
samples used to identify the system through the remaining m · h samples; thus,

in a generic column and for a measurement point, only a signal of g samples is

considered. Thus, it is necessary to verify whether the number j of signals of

length g is sufficient to contain enough information of the system; a minimum

value of j can be defined similarly to that found for i:

j =≥ i
h

g
(2.27)

therefore the minimum value of j can be expressed as:

jmin = i
hmin

imin − hmin
(2.28)

2.4 Automated Extraction Methodology

In this paper, an automated model identification strategy based on DD-SSI and

unsupervised tools is proposed: this strategy allows to extract the modal charac-

teristics of a structure without relying on a single set of selected parameters.

Several automated methodologies have been implemented over the years based

on the canonical formulation of DD-SSI, where the main goal is to mimic the abil-
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ity of an expert user to perform the identification process successfully. Almost all

the proposed methodologies rely on three basic steps: the application of the iden-

tification algorithms considering a set of different combinations of the parameters

driving the algorithm itself; the removal of noise modes and the collection of the

structural ones; a grouping methodology to separate similar structural modes.

All the automated procedures available in literature do not take into account

the possibility of adopting an asymmetric partition of the Hankel matrix in the

DD-SSI formulation reducing substantially the computational effort. However,

it has been proved (Priori et al. 2018) that the structural identification could

change consistently with the asymmetric partitioning, often leading to more robust

outputs.

Another critical point of the automated methodologies is that, usually, there

are some parameters that the users need to set according to their expertise.

The automated methodology presented in this chapter addresses the impor-

tance of considering an asymmetric partition of the Hankel matrix in the applica-

tion of the DD-SSI algorithm and introduces alternatives to the classic, adopted

clustering approaches.

The procedure results from an improvement of the one introduced by Ubertini

et al. 2013 which, in turn, resulted from an additional upgrade of the automated

methodology previously proposed in Hong et al. 2010; Reynders et al. 2012. Uber-

tini et al. 2013 addressed a procedure consisting in four steps: (a) run of DD-SSI

analysis for different values of n and i ; (b) elimination of noise modes; (c) clus-

tering of remaining modes; (d) extraction of mean values of modal parameters

estimates and their 95% confidence intervals under variations of n and i. Here the

first three steps are extended and improved.

The methodology proposed here consists of the following steps:

1. (a) Run of the DD-SSI algorithm for different values of user’s defined pa-

rameters;

2. (b) Hard validation criteria for certainly mathematical modes;

3. (c) Elimination of noise modes;

4. (d) Clustering of remaining modes & Outliers Removal

5. (e) Selection of the Representative Modal Quantity.
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The main steps of the procedure are detailed in the following. Afterward, the

methodology will be validated on the dynamic characterization of a real structure,

the Civic Tower of Rieti. The sensitivity of the procedure to certain parameters

will be discussed within possible tuning strategies of the numerical parameters

involved.

2.4.1 DD-SSI runs and parameters selection

A single run of DD-SSI consists in the extraction of the eigenvalues and eigenvec-

tors estimates using the set of identified matrices A and C; such matrices have

been obtained from the measured data using prefixed values of the parameters

involved in the algorithm: the system’s order n, the number of rows i, the number

of block rows of the future outputs h and the number of columns j. As previously

mentioned, the model’s order which allows the best fitting of the experimental

data and the algorithm parameters, i, j, h which provide the best identification

results are unknown a priori. In this paper, hence, it is convenient to estimate

these eigenvalues/eigenvectors using values of n, i, j, h that vary within defined

intervals: ( [nmin, nmax] for n; [imin, imax] for i; [hmin, hmax] for h; [jmin, jmax] for

j).

About the order model, the lower limit nmin should not be less than twice the

expected number of physical modesNm that contributes to the structural response,

while the upper limit, nmax, should be chosen to be safely greater than nmin. The

selection of nmax must be carefully determined: in fact, while on one hand a

large nmax is necessary to account for weakly excited modes, on the other hand it

will cause the appearance of a large number of numerical modes Magalhaes et al.

2009, which reproduce the noise content of measurement data, usually referred

to as noise modes. These spurious modes must then be eliminated in subsequent

steps.

Regarding the parameters governing the DD-SSI algorithm, i, j, h, it is possible

to choose a reasonable variability range for all of them following some simple

guidelines given in Section 2.3.3. The list of the suggested rules for tuning these

parameters range is presented in Table 2.1.
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Table 2.1: Variability range of DD-SSI Parameters

Parameter Description Suggested Value

nmin Minimum value of n 2Nm

nmax Maximum value of n 5n

gmin Minimum value of g 10 nm
hmin Minimum value of h 3 fsf1

imin Minimum value of i gmin + hmin

imax Maximum value of i 3imin

jmin(i) Minimum value of j i
hmin

imin − hmin
hmax(i) Maximum value of h i− gmin
jmax(i) Maximum value of j s− i+1

The definition of these parameters comes in a very specific order. This selection

starts by defining: the sampling frequency fs, the number of recording channels

m, an estimate of the number of modes excited in the response (hence the model

order) and an estimate of the first structural frequency f1. The first two quantities

directly come from the specifications of the monitoring system while the estimates

of the model order and of the first structural frequency can be obtained after a

preliminary investigation in the frequency domain of the recorded measurement

data or from a Finite Element model of the structure if available. Once this infor-

mation is known, then nmin, nmax, gmin, hmin, imin and imax can be immediately

computed. For each value of i, within the imin-imax range, it is then possible to

define the related values of jmin(i), hmax(i) and jmax(i), which depend on the cho-

sen value for the number of rows in the Hankel matrix. Once these minimum and

maximum values are computed for each i it is possible to identify the allowable

ones, valid for all the combinations of parameters. The allowable final jmin is going

to be the maximum one among all the possible ones derived for each choice of i,

while the allowable hmax and jmax are going to be the minimum ones respectively.

Once the maximum-minimum ranges have been set for the four parameters,

four corresponding step amplitudes are defined (∆i, ∆n, ∆h, ∆j). Then, the DD-

SSI procedure is performed for each possible combination of parameters which lies

in those allowable ranges.

Let N̄ be the number of DD-SSI analyses and 2W the number of complex

identified modes and the associated complex conjugates, the outputs of this first
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step are the vector that consists of the 2W identified complex eigenvalues Λ =

[λ1λ2 . . . λ2W−1λ2W ]T and the matrix Ψ = [Ψ1 Ψ2 . . . : Φ2W−1 Ψ2W ]T that collects

the 2W associated complex eigenvectors.

2.4.2 Hard validation criteria for certainly mathematical

modes

The goal of this methodology is to derive a reliable and robust set of modal infor-

mation from the computed eigenvalues and eigenvectors. Before extracting them,

as described in Section 2.3.2, it is essential to previously separate physical or struc-

tural modes (those that are related to the structure) from those, instead, that are

associated with mathematical operations. Whether a mode represents a physical

mode or a mathematical mode can usually not be deduced from its isolated modal

properties. However, there are certain indicators for mathematical modes. Sta-

ble systems do not have negative damping. Poles without imaginary part do not

represent a system capable of oscillation. Physical poles always occur in complex

conjugate pairs at a single model order n. These three criteria, which test whether

a mode is certainly mathematical, are sometimes called hard validation criteria

(HVC) (Reynders et al. 2012) and can be expressed using the following formulas:

Re(λi) ≥ 0 Im(λi) = 0 λi

nλi=nλj

6= λ∗j (2.29)

Poles that meet these criteria are removed immediately. The application of

the HVC (and the a priori removal of the negative frequency range) as a first step

reduces the computational effort of the algorithm.

2.4.3 Noise Modes Elimination

However, not all the noisy mathematical modes will be removed using the HVC,

and therefore, an additional effort should be made so to remove as many non-

structural modes as possible. In this step, the primary assumption is that phys-

ical modes tend to share some similarities with their siblings associated with a

different set of DD-SSI parameters or system’s order. This task is achieved using

the properties of similarity check usually adopted in the construction of the sta-

bilization diagram. For a fixed value of n, a mode can be considered stable when
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it appears, with similar frequency, damping and mode shape, also in the model

with order n+2. The stability property of the modes is then assumed to be an

indicator of their physical nature under the assumption that noise modes do not

appear with consistent values of frequency, damping and mode shapes when vary-

ing the order of the model. This step can be considered an extension of what is

the stabilization diagram to the model order. This procedure offers the possibility

to take into account the variation of both the model order n but also the possible

combinations of the algorithm parameters within an acceptable range.

To explain this mode selection process let the following vectors be constructed:

f = [f1 f2 . . . fW−1 fW ]T

ξ = [ξ1 ξ2 . . . ξW−1 ξW ]T

Φ = [Φ1 Φ2 . . . : ΦW−1 ΦW ]T
(2.30)

where fw, ξw and Φw denote the frequency, damping ratio and mode shape

vector of the wth identified mode, for w = 1, 2, ...,W . To discern between noise

modes and structural ones, the following vector is computed:

c = [c1 c2 . . . cW−1 cW ]T (2.31)

where the generic wth component cw, for w = 1, 2, ...,W , represents the number

of modes, among all the W identified ones, which have frequency, damping and

mode shape that are similar to those of the wth mode. These quantities can be

calculated as:

cw =

−1 +
W∑
l=1

δl,w, if ξw ∈ [0, ξmax]

0, if ξw /∈ [0, ξmax]

(2.32)

with:

δl,w =

1, if ∆fl,w 6 εf ,∆ξl,w 6 εξ, 1−MACl,w 6 εMAC

0, otherwise
(2.33)

∆fl,w =
|fl − fw|
fw

; ∆ξl,w =
|ξl − ξw|
ξw

; MACl,w = MAC(Φl,Φw)

where ξmax is an estimated maximum value for the damping ratio of the phys-

ical modes (which must be chosen according to the structural characteristics),
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MAC(Φl,Φw) is the Modal Assurance Criterion between Φl and Φw, while εf , εξ

and εMAC are user-defined tolerances that are equivalent to those often adopted

to build stabilization diagrams. There are several options for choosing the values

of these tolerances: in the current literature, the following values-ranges are sug-

gested: εf=0.01, εξ=0.03-0.04 and εMAC=0.01-0.05. However, it is important to

investigate these values for the specific system under investigation and check the

sensitivity of the identification results with respect to these tolerances.

The wth mode is said to be stable when it is ”similar”, in terms of frequency,

damping ratio and mode shape, to a reasonable and acceptable number of other

modes. Consequently the user needs to set a minimum number C̄min of simi-

lar modes that has to be reached in order to declare that that group of modes

represents a structural mode and not a spurious one. Choosing large values for

C̄min increases the severity of the stability check and is not recommended as it

would increase the risk of eliminating physical modes. On the contrary, to keep

relatively small value of C̄min would allow to eliminate most of the noise modes

without removing structural ones. Residual noise modes will then be eliminated

by the subsequent clustering analysis.

To evaluate the number of stable poles, the vector S is computed:

c = [S1 S2 . . . SW−1 SW ]T (2.34)

Sw =

1, if cw > C̄min

0, otherwise
(2.35)

where 0 and 1 indicate unstable and stable modes, respectively. Hence, the

total number of stable modes, P , turns out to be:

P =
W∑
l=1

Sl (2.36)

The vectors of stable frequencies, damping ratios and mode shapes (where

stability is denoted by the superscript s) can be extracted as:

f s = HE× f

ξs = HE× ξ
Φs = (HE×ΦT )T

(2.37)
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where HE is a P ×W matrix whose non-zero components are:

HEp,πp = 1 for p = 1, 2, . . . , P (2.38)

where π1, π2, ..., πP are the positions of the non-zero terms contained in vector

S.

2.4.4 Clustering & Outliers Removal

Each stable mode is identified by its position p in vectors f s and ξs, whereas the

corresponding eigenvector is the pth column of matrix Φs, indicated as Φs
p. The

clustering analysis aims at grouping the P stable modes into homogeneous sets

(clusters). The final aim is that each cluster contains only the modal parameters

estimates of the same structural mode.

Here two different clustering solutions are given. The first one comes from the

application of a particular application of the k-Means clustering technique, and

the second consists in the introduction of the Density-Based Spatial Clustering of

Applications with Noise (DBSCAN) procedure. The generic version of k-Means

(Lloyd 1982) is probably the most well-known clustering algorithm of all times;

however, it presents several disadvantages. First of all, this algorithm requires the

definition of a priori number of clusters and, additionally, is extremely sensitive

to the starting point. Here a slightly different version of the k-Means algorithm is

adopted, proposed by Ubertini et al. 2013: this algorithm is based on the random

generation of the cluster seeds without any specific requirement on the number of

clusters. However, this methodology is here improved, introducing a final outlier

cleaning procedure which was missing in the original proposal Ubertini et al. 2013.

Furthermore, the MSD is here considered as an alternative metric distance to the

one initially used by Ubertini et al. 2013. The MSD presents several advantages,

and mainly, it takes into account the variance carried on by each feature, and that

could be efficiently used within the blind k-Means procedure.

DBSCAN (Ester et al. 1996) is here proposed as an optimal substitute of the

blind k-Means search previously cited and has several significant advantages. This

algorithm is born without the specific requirement regarding the number of clus-

ters, as opposed to k-Means, it can find arbitrarily shaped clusters and presents

the advantage of reducing the single-link effect that affects several clustering tech-
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niques is reduced. Only two parameters are governing the algorithm which are

mostly insensitive to the ordering of the points in the dataset and for that can

be easily set following defined guidelines. More importantly, this algorithm has a

notion of noise and is robust to outliers.

The ultimate definition of a generic rth cluster (Cr) is the same for both these

approaches, and it is given by a set of integer numbers representing the positions

of its elements within the vectors f s, ξs, Φs. As an example, the following cluster:

Cr = {a1, a2, . . . , agr} (2.39)

has dimension DCr = gr, and is composed by all the modes having the following

frequencies, damping ratios and mode shapes:

Cr,f = {f sa1
, f sa2

, . . . , f sagr}
Cr,ξ = {ξsa1

, ξsa2
, . . . , ξsagr}

Cr,Φ = {Φs
a1
,Φs

a2
, . . . ,Φs

agr
}

(2.40)

The mean values of the sets defined in Equation 2.44 represent the coordinates

of the centroid of cluster Cr and are denoted as f̄Cr ; ξ̄Cr and Φ̄Cr , respectively.

Blind k-Means

Letting the vector p be defined as p = [1, 2, ..., P ]T , a random permutation is

introduced, which yields a new vector v containing the elements of p sorted in

random order. At this point a P step procedure is performed.

At the first step, the vth1 mode is considered as the first cluster seed, v1 being

the value of the first component of vector v. The first cluster C1 is thus initiated

as:

C1
1 = {v1} (2.41)

where C1
1 represents the cluster C1 evaluated at step number 1 (superscript 1).

The second step starts considering the vth2 mode and computing a distance

measure of this mode from the available clusters dv2−C1 (in the second step the

only available cluster is C1). This distance quantifies the degree of similarity

between the vth2 mode and the existing cluster C1. Once this distance is available,

it is possible to decide if the vth2 mode belongs to the already available clusters or if

it is something different, once a reasonable threshold, dmax, is set for the distance
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level. Then, the assignment can follow this rule

if dv2−C1 6 dmax ⇒ C2
1 = C1

1 ∪ {v2}
if dv2−C1 > dmax ⇒ C2

1 = C1
1 , C

2
2 = {v2}

(2.42)

Therefore mode v2 is assigned to cluster C1 if it is similar to it in terms of

frequency and mode shape, otherwise v2 is taken as a new cluster seed and cluster

C2 is initiated.

At the generic qth step, a certain number r of clusters will exist, each of them

containing a different number of modes. At this step, the vthq mode is considered

and the following vector, dq, containing the distances from this mode to all the

available clusters at the qth step, is calculated:

dq = [dvq−C1 dvq−C2 . . . dvq−Cr ]
T (2.43)

Then, the following rule is applied:

if dq,h = min(dq) ≤ dmax ⇒ Cq
1 = Cq−1

1 , · · · , Cq
h = Cq−1

h ∪ {vq}, · · · , Cq
r = Cq−1

r

if dq,h > dmax ⇒ Cq
1 = Cq−1

1 , · · · , Cq
r = Cq−1

r , Cq
r+1 = {vq}

(2.44)

Once this vector is available, it is possible to decide if the vthq mode belongs

to one of the already available clusters or if a new cluster needs to be initiated.

This goal is achieved, looking for the minimum distance, dq,h, collected in the

distance vector, dq, which represents the distance of the vthq mode from a cluster

Ch available at qth step. If this relative distance is less or equal to the defined

threshold, dmax, mode vq is assigned to cluster Ch (which is the closest one in

terms of mean frequency and mode shape); otherwise mode vq is taken as a new

cluster seed and cluster Cr+1 is created.

The procedure stops at step number P . At this stage a certain number of

clusters will exist and only Ncl of those clusters are retained. A criterion for the

user to choose Ncl might be that of disregarding those clusters that are so small

that cannot be considered as representative samples.

Ubertini et al. 2013 in their automated methodology propose the following

physical-distance to evaluate the similarity level of each mode with respect the
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available clusters

dvq−Ch =
|fsvq−f̄Cq

h
|

f̄
C
q
h

+ 1−MAC(Φs
vq , Φ̄Ch) (2.45)

which represents a combined, dimensionless measure of the distance between the

considered mode and the centroid of the clusters, in terms of frequency and mode

shapes.

Here an alternative distance measure is proposed: the Mahalanobis Square

Distance (Mahalanobis 1936).

Let us denote by xq ∈ Rb×1 the feature vector, obtained collecting once the

frequencies and once the mode shapes identified for the qth mode, where b specify

the dimensionality of the feature vector, and it will be equal to the number of

structural modes, N , for the frequency vector and equal to m for the mode shapes.

Then µCr and ΣCr represent the mean vector and covariance matrix of the rth

cluster. The Mahalanobis Squared Distance of xq from the rth cluster is defined

as:

D2
xq−Ch = (xq − µCr)TΣ−1

Cr
(xq − µCr) (2.46)

where the superscripts T and −1 denote transpose and inverse of a matrix, respec-

tively.

The Mahalanobis Squared Distance may be thought of as a weighted squared

Euclidean distance of xq from µCr , where the weighting matrix is the covariance

matrix. The MSD provides a measure of how distant a feature vector is from the

training population in a statistical sense, as the Mahalanobis distance takes into

account the correlations among variables.

In other words, two feature vectors having the same Mahalanobis distance

from the mean of the training population have the same probability of having

been generated from that training population. The downside in using the MSD is

that it relies on the assumption that the data are drawn from an underlying normal

distribution. Therefore before performing this step with MSD, it is important to

assure that the data are normally distributed.

The driving parameter in both the distance options for the blind k-Means ap-

proach is the threshold distance dmax. This is the indicator to define the criterion

for constructing the clusters of modes. Indeed, a relatively small value of dmax

might lead to the appearance of clouds of clusters representing the same physical
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mode, while a relatively large number of dmax might lead to erroneous attribu-

tions of estimated modes to clusters. The knowledge of the data distribution is

crucial for defining a threshold, able to robustly distinguish different clusters. The

definition of this parameter in the case of the physical distance depends on the

sensitivity of the user, introducing uncertainty in the identification that should

be avoided. The Mahalanobis Squared Distance of normally distributed instances

is asymptotically χ2-distributed with b degrees of freedom, where b is the dimen-

sion of the feature vector. However, the asymptotic convergence is very slow, and

defining the threshold based on the χ2 percentiles may be too conservative, even

for large samples (Hardin and Rocke 2005). Also, the χ2 b-distribution of MSD

is true when the true mean and covariance matrix of the feature population are

employed, while in the present application, the sample estimators of said statis-

tics are used. Ververidis and Kotropoulos 2009 proved that the distribution of

the MSD of a b-variate point x, when x is not involved in the estimation of the

sample mean and the sample covariance matrix, follows a scaled F-distribution

with degrees of freedom b and nobs − b, where b is the dimension of x, and nobs

is the number of observations used to construct the sample statistic estimators.

This property can be used to set the threshold value.

Regardless of the distance, the user is willing to use; it is important to intro-

duce an additional step before moving to the selection of the representative modal

quantity: the outlier removal. Outlier deletion is controversial, especially when

the underlying probability distribution is unknown or small sets are investigated.

There is very small literature investigating whether modal properties from dif-

ferent model orders, which are associated with the same physical system mode,

tend to be normally distributed or not. Physical poles often follow trends with

increasing system order, which sometimes are suddenly disrupted. Empirical evi-

dence also shows that sometimes obvious outliers are present in a cluster and that

the identification variance from large numbers of measurements can be improved

when outlier rejection is applied to the identifications from the individual mea-

surements. Outliers are individual values that fall outside of the overall pattern

of the rest of the data. This definition is somewhat vague and subjective, so it is

helpful to have the rule to help in considering if a data point truly is an outlier.

Here the interquartile range rule is used for detecting the presence of outliers

and remove them.

The starting point is that any set of data can be described by five number:
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the minimum, or lowest value of the dataset; the first quartile Q1 - this represents

a quarter of the way through the list of all the data; the median of the data set

- this represents the midpoint of the list of all of the data; the third quartile Q3

- this represents three quarters of the way through the list of all the data; the

maximum, or highest value of the data set.

These five numbers can be used to tell us quite a bit about our data. The

interquartile range shows how the data is spread about the median, and it is

less susceptible than the range (the minimum subtracted from the maximum) to

outliers. The interquartile range is calculated in much the same way as the range.

All that we do is subtract the first quartile from the third quartile:

IQR = Q3 −Q1. (2.47)

The interquartile range can be used to help detect outliers. A commonly used

rule says that a data point is an outlier if it is more than 1.5 IQR above the

third quartile or below the first quartile. Said differently, low outliers are below

Q1-1.5IQR and high outliers are above Q3+1.5IQR.

Let us denote by Q1Cr,f
, Q3Cr,f

, Q1Cr,ξ
and Q3Cr,ξ

, the first and third quartiles

of rth frequency cluster and of the rth damping cluster. Accordingly, IQRCr,f and

IQRCr,ξ are the IQRs of the rth frequency cluster and of the rth damping cluster

respectively. The interquartile rule is then applied separately on the frequency

and damping ratio dimension of the cluster.

vq =

stable pole , if Q1Cr,f
− 1.5 · IQRCr,f ≤ fq ≤ Q3Cr,f

+ 1.5 · IQRCr,f

outlier , otherwise

(2.48)

vq =

stable pole , if Q1Cr,ξ
− 1.5 · IQRCr,ξ ≤ ξq ≤ Q3Cr,ξ

+ 1.5 · IQRCr,ξ

outlier , otherwise

(2.49)

DBSCAN

Ester et al. 1996 proposed a clustering approach which quickly has become the

most established density-based clustering algorithm, DBSCAN (Density-Based

Spatial Clustering of Applications with Noise).
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Unlike several clustering algorithms, like k-Means, DBSCAN does not require

the number of clusters as a parameter. It infers the number of clusters just working

on the data, and it can discover clusters of arbitrary shape (for comparison, k-

Means usually discovers spherical clusters).

DBSCAN tries to mimic the capacity of humans to identify clusters when

looking at sample sets of points easily. The main reason why humans are able to

tell the clusters is that within each cluster, there is a density of points, which is

considerably greater than that outside of the cluster. Moreover, the density within

the regions of noise is lower than the density in each cluster.

The principal idea is that for each point of a cluster the neighborhood of a

given radius ε has to contain at least a minimum number of points (MP ), i.e.,

the density in the neighborhood has to surpass some threshold. The shape of a

neighborhood is given by the choice of a distance function for two points p and q,

denoted by dist(p,q).

Before explaining the step of the DBSCAN algorithm, let us give some defini-

tions which lay at the core of this procedure.

Definition 1 (ε-neighborhood of a point): The ε-neighborhood of a point p,

denoted by Nε(p), is defined Nε(p) = {q ∈ D|dist(p, q) ≤ ε}. A naive method

could require for each point in a cluster that there are at least a minimum number

(MP ) of points in an ε-neighborhood of that point.

However, this strategy fails because there are two different types of points in a

cluster, the ones inside of the cluster (core points) and the ones on the edge of the

cluster (border points). In general, an ε-neighborhood of a border point contains

significantly fewer points than an ε-neighborhood of a core point. Accordingly, the

minimum number of points needs to be set to a relatively low value for including

all points belonging to the same cluster. However, this parameter will not be

characteristic for the respective cluster, especially in noisy applications. Therefore,

we require that for every point p in a cluster C there is a point q in C so that p

is inside of the ε-neighborhood of q and Nε(q) contains at least MP points. This

definition is elaborated in the following

Definition 2 (directly density-reachable): A point p is directly density-reachable

from a point q with respect to ε and MP if

1) p ∈ Nε(q)
2) |Nε(q)| > MP (core point condition).

Directly density-reachable is symmetric for couples of core points. Despite of
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this definition, it is not symmetric if one core point and one border point are

involved.

Definition 3 (density-reachable): A point p is density-reachable from a point

q with regard to ε and MP if there is a chain of points p1, ....., pn, p1 = q, pn = p

such that pi+1 is directly density-reachable from pi.

Density-reachability is a canonical expansion of direct density-reachability.

This relation is transitive, and it is not symmetric in general; however, it is sym-

metric for core points.

There is the possibility that two border points belonging to the same cluster C

are not density reachable from each other because the core point condition might

not true for both of them. Nevertheless, there must exist a core point in C from

which both border points of C are density-reachable. Therefore, the definition of

density-connectivity is defined, which covers this relation of border points.

Definition 4 (density-connected): A point p is density-connected to a point

q with respect to ε and MP if there is a point o such that both, p and q are

density-reachable from o with respect to ε and MP . Density-connectivity is a

symmetric relation.

For reachable density points, the relation of density-connectivity is also reflex-

ive. A cluster can be defined as a set of density-connected points, which is maximal

with regard to density-reachability. The definition of noise is given in relation to

a given set of clusters. Noise is the collection of points in D not belonging to any

o fits clusters.

Definition 5 (cluster): LetD be a database of points. A cluster C with respect

to ε and MP is a non-empty subset of D satisfying the following conditions:

1) ∀ p, q: if p ∈ C and q is density-reachable from p with regard to ε and MP ,

then q ∈ C. (Maximality)

2) ∀ p, q ∈ C: p is density-connected to q with respect to ε and MP . (Con-

nectivity)

Definition 6 (noise): Let C1 ..... Ck be the clusters of the database D with

respect to parameters ε and MPi, i = 1.....k. The noise is defined as the set of

points in the database D not belonging to any cluster Ci, i.e. noise = {p ∈ D|
∀i : p /∈ Ci}.

DBSCAN starts from a randomly chosen data point that has not been visited.

The neighborhood of this point is computed using a distance ε (All points which

are within the ε radius are considered to be neighborhood points). If the number
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of points within that radius is sufficient (MP ), then the data point is the first

point in the new cluster, and the clustering process starts. Otherwise, the point

is classified as noise. In any case, that point is marked as visited.

Then, all the points within the ε distance neighborhood of this first point in

the new cluster, also are assumed to belong to the same cluster. This procedure

is then iteratively replicated for all of the new points that have been just added

to the cluster.

This process is repeated until all points in the cluster are determined i.e., all

points within the ε neighborhood of the cluster have been visited and labeled.

Once the current cluster is completed, a new point, labeled as unvisited, is

retrieved and processed, leading to the creation of a new cluster or noise. This

process is repeated until all points are marked as visited, and each point has been

assigned to a cluster or being noisy.

The DBSCAN algorithm basically requires two parameters: ε and MP. ε is the

minimum distance between two points. Consequently, if the distance between two

points is lower or equal to this value (ε), these points are considered neighbors.

MP is the minimum number of points to form a dense region.

As a general rule, a minimum (MP ) can be derived from a number of dimen-

sions (b) in the data set, as MP ≥ b+1. When dealing with a noisy dataset, larger

values are usually more suitable, leading to more significant clusters. The mini-

mum value for the MP must be three, but the larger the data set, the larger the

MP value that should be chosen and an empirical rule usually adopted is to pick

MP at least equal to log(nobs), where nobs is the number of available observations

in the dataset.

If the ε value chosen is too small, a large part of the data will not be clustered.

It will be considered outliers because it does not match the number of points to

create a dense region. However, if the chosen value is too large, clusters will merge,

and most of the objects will be in the same cluster. The ε should be chosen based

on the distance of the dataset, but in general small ε values are preferable. In a

clustering with MP = k, we expect that core pints and border points k-distance

are in a certain range, while noise points can have much larger k-distance; thus

we can observe a knee point in the k-distance plot. This heuristic rule is based on

the following observation. Let d be the distance of a point p to its k-th nearest

neighbor, then the d-neighborhood of p contains exactly k + 1 points for almost

all points p. The d-neighborhood of p includes more than k + 1 points only if
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many points have precisely the same distance d from p, which is quite unlikely.

Moreover, changing k for a point in a cluster does not reflect in large changes of

d. This only happens if the k-th nearest neighbors of p for k = 1, 2, 3.... are placed

around a straight line which is commonly not true for a point in a cluster.

For a given k it is possible to define a distance function k-dist, starting from the

database D, mapping each point to the distance from its k-th nearest neighbor.

Information about the density distribution of the dataset can be derived by sorting

ordering the points of the database in decreasing order of their k-dist values. This

graph is known as the sorted k-dist plot. Choosing an arbitrary point p, the

parameter ε can be set equal to k-dist(p) and the parameter MP equal to k, all

points with an equal or smaller k-dist value will be core points. If a threshold

point is found with the maximal k-dist value in the thinnest cluster of D, then the

desired parameter values are defined. The threshold point is the first point in the

first valley of the sorted k-dist graph. All points with a higher k-dist value (left of

the threshold) are considered to be noise, all other points (right of the threshold)

are assigned to some cluster.

2.4.5 Selection of the Representative Modal Quantity

Each cluster obtained from the clustering step contains a large number of modes.

Hence, the question arises on how to choose a single representation of the individ-

ual modal properties. Magalhaes et al. 2009 used the average natural frequency,

damping ratio and mode shape calculated from all observations in each physical

cluster while Ubertini et al. 2013 gave the modal parameters estimates in terms

of their mean values and corresponding 95% confidence. All the aforementioned

methods have their advantages and disadvantages, which depend on the planned

application of the algorithm, and can be used with the proposed AOMA methodol-

ogy. In this work, the approach described by Ubertini et al. 2013. The Ncl clusters

obtained after completing the previous step are conveniently sorted in increasing

order of their average natural frequencies. Then, the identified modal parame-

ters estimates (superscript id) are finally given in terms of their mean values and

corresponding 95% confidence intervals as:

f id =

[
f̄C1 ±

1.96 · σf,C1√
DC1

f̄C2 ±
1.96 · σf,C2√

DC2

... f̄CN̄cl
±

1.96 · σf,CN̄cl√
CN̄cl

]
(2.50)

53



Chapter 2. Unsupervised Extraction Process of Modal
Parameters

ξid =

[
ξ̄C1 ±

1.96 · σξ,C1√
DC1

ξ̄C2 ±
1.96 · σξ,C2√

DC2

... ξ̄CN̄cl
±

1.96 · σξ,CN̄cl√
CN̄cl

]
(2.51)

Φid =

[
Φ̄C1 ±

1.96 · σΦ,C1√
DC1

Φ̄C2 ±
1.96 · σΦ,C2√

DC2

... Φ̄CN̄cl
±

1.96 · σΦ,CN̄cl√
CN̄cl

]
(2.52)

where σf,Cr and σξ,Cr are the standard deviations of the frequencies and damp-

ing ratios of the generic rth cluster Cr, while σΦ,Cr is a vector containing the

standard deviations of the single components of Φ̄Cr .

The 95% confidence intervals for the mean values, in Equations 2.50, 2.51

and 2.52 are calculated under the hypotheses of Gaussian populations and large

samples (dimensions larger than 1015). Though such confidence intervals are not

directly related to the overall uncertainties of the modal parameters estimates (for

details on this topic the reader is referred to Carden and Mita 2011), they are

related to the uncertainties arising from different selections of n, h, j and i and

allow to check the appropriateness of the chosen intervals for those parameters.

For instance, relatively small confidence intervals confirm, to some extent, the

adequateness of the chosen values, while large confidence intervals may indicate

that convergence of the modal parameters estimates with those choices of the

algorithm’s parameters has not been achieved.

2.5 Conclusions

An unsupervised multi-stage approach to perform Automated Operational Modal

Analysis was proposed. This approach improves the ones existing in literature in

multiple aspects, offering a is fully automated methodology. No parameters or

thresholds have to be provided depending on the user’s expertise and sensitivity.

Neither the damping ratios nor the complexities of the to-be-identified modes are

limited in any way. The methodology is validated in Chapter 5, where it is applied

to the ambient vibration data recorded during a long-term monitoring campaign

on a historical civic tower located in Italy.
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New Damage Indicators
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Chapter 3

Audio Indicators as Damage

Sensitive Features

In the previous part of the dissertation, an automated procedure is addressed to

derive modal parameters from the vibration response of a structural system using

almost none parameters depending on the user’s sensitivity to the problem, in

order to confidently use them as damage sensitive features. However, the proposed

framework consists of several steps and presents a complex structure with medium

computational requirements involved.

The computational requirements of an optimal DSF should be minimal, as

the feature extraction process is repeated many times, in order to get a feature

population with a number of individuals large enough to be statistically meaning-

ful. Moreover, the feature extraction process should be as simple as possible, to

guarantee consistency of the results, irrespective of the user’s expertise level.

The type of feature proposed herein, Cepstral Coefficients is an adaptation of

the Mel-Frequency Cepstral Coefficients (MFCCs), which are the features conven-

tionally used in the fields of speech and speaker recognition.

The procedure apt to extract such information from the structural response

time histories is presented in Section 3.1.1, stressing how well the CCs meet the

characteristics of compactness, minimal computational expense and damage sen-

sitivity required to damage sensitive features. In particular, it will be shown how

the extraction modalities of the Cepstral features are quite different from those

commonly used in the field of structural health monitoring. On the contrary, Cep-

stral features are extracted directly from the structural response only by means of
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digital signal processing operations.

3.1 Cepstral Coefficients

Recently, Balsamo et al. 2014 proposed an adaptation of Mel Frequency Cepstral

Coefficients as damage sensitive features for damage detection problems in civic

structures. MFCCs are features widely used in the field of speaker and speech

recognition, and they differ from the other common DSFs, such as modal frequen-

cies, as they allow for consideration of the response property in both the frequency

and time domain simultaneously. These MFCCs are defined as the inverse discrete

cosine transform of the log-modified-spectrum of the system response.

Originally the cepstrum was born with the aim of finding a procedure able to

filter the effects of echoes from time series, and it was first introduced by Bogart

1963 and his colleagues at Bell Laboratories in 1963. The discrete-time formulation

of the cepstrum and of its complex counterpart, the complex cepstrum, was lately

addressed by Oppenheim and Schafer 2004; Oppenheim et al. 2001. They also

gave an analytical expression for the cepstrum for minimum phase signals, from

which it results that the cepstrum is an explicit function of the poles and zeros of

the transfer function of the analyzed system.

The potential of cepstrum as monitoring features has increased with time, and

these indicators were used in a lot of different fields, from geophysics to mechan-

ical engineering. Because of its nature, Cepstral Coefficients resulted in being

particularly suitable as damage sensitive features for pursuing damage detection

in rotating machinery (Farrar and Duffey 1999). Their ability to display the pres-

ence of echoes in a signal turns out to be particularly helpful when dealing with

malfunctioning rotating machines, where the effect of a broken element produces

periodic peaks in the cepstrum representation of the machine response (Farrar and

Duffey 1999).

Gao and Randall 1996 exploited the explicit relation of cepstrum coefficients

to the poles and zeros of the transfer function to retrieve the frequency response

function from the measured response of a mechanical system.

Davis and Mermelstein 1980 proposed a compact version of cepstrum and

suggested the use of the Mel-spectrum, named after the Melody scale, to get the

Cepstral representation of speech signals. The discrete set of coefficients extracted
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from the sampled speech signal were called Mel-Frequency Cepstral Coefficients.

It is noteworthy that such representation of the Cepstral features is a compact

version of the real cepstrum, which preserves only information on the magnitude

of the log-spectrum, while the information on the phase is lost.

The first application of these coefficients for civil engineering applications was

given by Zhang et al. 2011, who used MFCCs to detect concrete delamination

on a bridge deck by analyzing the MFCCs extracted from records of the impact

sound produced by impacting the surface of the concrete slab with a steel bar.

A more robust application of MFCCs as damage sensitive features was given in

Balsamo et al. 2014, where these features were implemented in a statistical pattern

recognition framework to carry on damage detection in civil structures.

These coefficients present explicit relations to poles and zeros of the system

transfer function leading to the speculation that a strong relationship must exist

between such coefficients and structural properties. Finally, these features require

very low user expertise to be extracted and analyzed, making them particularly

convenient for implementation into automatic structural health monitoring proce-

dures.

In this section, the Cepstral Coefficients (CCs) are investigated. They are the

results of the adaptation of MFCCs, proposed by Balsamo et al. 2013, implemented

to make these features suitable for civil structures. These features are extracted di-

rectly from the time histories of the structural response and were successfully used

in a statistical pattern recognition approach to infer damage occurrence (Balsamo

et al. 2014 Balsamo et al. 2013).

3.1.1 Features Extraction Procedure

The Cepstral Coefficients can be extracted from a sampled signal x[n] applying

the procedure defined in the flow chart in Figure 3.1; the reader is referred to Beigi

2011 for a detailed treatment of the subject.

In the preliminary step, each one of the time histories Nth is framed into seg-

ments (Nframes), which must be long enough to be considered stationary (Figure

3.2a). Nsamples is the number of samples for each frame. Then, in order to re-

duce the riddle effects on the frame spectra due to the segmentation procedure,

non-rectangular windows (usually Hamming windows) are applied to each frame

(Figure 3.2b).
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x [n], n = 0,...,N-1

Framing Windowing
Power

spectrum
Frequency
Warping

Log

Inverse
DCT

c[d ], d = 0,...,D-1

Figure 3.1: CCs Extraction Process.

(a)

(b)

Figure 3.2: Framing and Windowing: (a) frame selection in the acceleration time
history, (b) application of the Hamming window to the ith frame.

Subsequently, applying the Discrete Fourier Transform (DFT), the power spec-

trum is evaluated for each frame. To emphasize the parts of the spectrum that

are more likely to be expressing the structural behavior a frequency warping pro-

cedure is performed. It allows to modify and scale the linear frequency scale with

the objective of weighing more the area of the spectrum with the greatest energy

content. The new modified frequency scale and the linear frequency scale are al-

most equivalent up to a cutoff frequency fc, after which their relation becomes
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logarithmic. This cutoff parameter is defined by the user. If Nframes is the num-

ber of frames obtainable from one time history, at the end of this first framing

stage for each realization Nth there will be Nsamples ×Nframes response windowed

segments. Averaging the spectra of all such segments results in the generation of

what will be referred to as an average spectrum (Figure 3.3a). The average spec-

trum highlights the frequency range within which the greatest frequency content

is observable. The cutoff frequency is then chosen as the upper bound of the por-

tion of the averaged spectrum. This new scale mimics the trend of the Mel-scale,

working on a frequency range compatible with structural problems, according to

the following expression

f̃ = fc log2(1 +
f

fc
) (3.1)

(a)

(b)

Figure 3.3: (a) average PS and (b) frequency warping procedure.

The frequency warping step is performed by grouping together the PS values

into M frequency bands and weighting each group by a triangular weighting func-

tion. According to the Fraile et al. criterion (Fraile Muñoz et al. 2008), M can be

set equal to 3ln(fs), where ln() represents the natural logarithm operation, while

fs is the sampling frequency, which is a quite common relationship in the speaker

recognition research field and that can also be adopted for structural problems.
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The triangular filters are constructed such that their centers are equally spaced

on the frequency scale (f̃) given in Equation 3.1, with each filter being symmetric

with respect to its center (Figure 3.3b).

The power spectrum of each frame is weighted multiplying it by the triangular

filter corresponding to each mth frequency band (Figure 3.3b). After that, each

contribute coming from this multiplication is summed along with the frequency

range leading to the matrix H of dimensions M ×Nframes (Figure 3.4a).

(a) (b)

Figure 3.4: (a) Warped Spectrum and (b) Log-Warped Spectrum for the ith frame.

(a)

(b)

Figure 3.5: (a) Application of the first six coefficients of the IDCT; (b) Cepstral
Coefficients for the ith frame.

The Cepstral Coefficients extraction procedure is completed applying to the

logarithm of the modified spectra (Figure 3.4b) a D-points Inverse Discrete Cosine
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Transform (IDCT) (Figure 3.5a):

c[d, k] =
∑M−1

m=0 am ln(H[m, k])cos[π(2d+1)m
2M

] for d = 0, ..., D − 1

for k = 1, ..., Nframes

(3.2)

where am is equal to 1
M

, for m = 0, and to 2
M

otherwise. H[m] represents the

mth point of the modified spectrum, where m = 0, ...,M − 1 while c[d] is the dth

Cepstral Coefficient, which could be collected in a coefficient vector for each kth

frame c(k) ∈ RD×1. The number of of CCs is chosen arbitrarily, but commonly is

selected equal to the number of M frequency bands already defined.

Computing the coefficients of IDCT independently for each Cepstral Coef-

ficients (Figure 3.5a), it is possible to appreciate better how these coefficients

modify the different frequency contribute of the new modified log spectrum.

cIDCT [d] =
M−1∑
m=0

amcos[
π(2d+ 1)m

2M
] for d = 0, ..., D − 1 (3.3)

CCs are always real and convey information about the physical aspects of

the signal. When d = 0, the cosine term of the DCT becomes 1. Then the

first Cepstral Coefficient c0 is then the average power of the signal. A negative

coefficient relates to the local minimum of the cosine in the DCT, noting that the

higher frequency indexes in the summation of the DCT are contributing more.

On the other hand, a positive peak means that there must be more power in the

lower frequency range. As the CCs dimension d becomes larger, the number of

alternating partitions in the frequency range increases.

It is precisely this characteristic that makes CCs valuable for discriminating

the trends in data due to the environmental and operational variation from the

alterations caused by damage. The application of the DCT coefficients of higher

orders allows to naturally detrend some of the CCs, because the contributes of

the frequency bands carrying the environmental information, cross out with each

other in the summation. This characteristic will be highlighted in the following

section.

Here the IDCT is used in place of Inverse Discrete Fourier Transform (IDFT).

Defined by Ahmed et al. 1974, DCT was shown to perform better than DFT in

transforming the original data into more compact and almost uncorrelated repre-

sentations, and was proved to compare closely to the Karhunen-Loeve Transform
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(KLT) (Vranic et al. 2001), which is optimal for compressing data dimensionality.

However, despite its optimality, there is no efficient algorithm able to implement

KLT, while DCT may be implemented exploiting Fast Fourier Transform (FFT),

i.e., in a highly computationally efficient fashion. KLT is the most basic approach

to perform Principal Component Analysis (PCA), which is concerned with trans-

forming the original data by projecting them into a reduced dimension space,

whose basis vectors are represented by the data covariance eigenvectors associated

with the largest eigenvalues, which, in turn, represent data components charac-

terized by the greatest variance and are the most useful for recognition purposes.

3.2 MPEG7-NASE

The MPEG-7 low-level descriptors (LLDs) form the foundation layer of the stan-

dard (Manjunath et al. 2002). It consists of a collection of simple, low complexity

audio features that can be used to characterize any type of sound. The LLDs

offer flexibility to the standard, allowing new applications to be built in addition

to the ones that can be designed based on the MPEG-7 high-level tools. The

foundation layer comprises a series of 18 generic LLDs consisting of a normative

part (the syntax and semantics of the descriptor) and an optional, nonnormative

part which recommends possible extraction and/or similarity matching methods.

The temporal and spectral LLDs can be classified into the following groups:

� Basic descriptors: audio waveform (AWF), audio power (AP).

� Basic spectral descriptors: audio spectrum envelope (ASE), audio spec-

trum centroid (ASC), audio spectrum spread (ASS), audio spectrum flatness

(ASF).

� Basic signal parameters: audio harmonicity (AH), fundamental audio fre-

quency (AFF).

� Temporal timbral descriptors: log attack time (LAT) and temporal centroid

(TC).

� Spectral timbral descriptors: harmonic spectral centroid (HSC), harmonic

spectral deviation (HSD), harmonic spectral spread (HSS), harmonic spec-

tral variation (HSV) and spectral centroid (SC).
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� Spectral basis representations: audio spectrum basis (ASB) and audio spec-

trum projection (ASP).

An additional silence descriptor completes the MPEG-7 foundation layer. The

four basic spectral LLDs provide time series of logarithmic frequency descriptions

of the short-term audio power spectrum. The use of logarithmic frequency scales

is supposed to approximate the response of the human ear. All these descriptors

are based on the estimation of short-term power spectra within overlapping time

frames. This section describes the descriptors, based on the notations and defini-

tions introduced in Section 2.2. For reasons of clarity, the frame index l will be

discarded in the following formulae.

3.2.1 Features Extraction Procedure

x [n], n = 0,...,N-1

Framing Windowing
Power

spectrum

Octave
Band
Filter

ASE

Norm

NASE [f ], f= 0,...,F-1

Figure 3.6: NASE Extraction Process.

The audio spectrum envelope (ASE) is a log-frequency power spectrum that

can be used to generate a reduced spectrogram of the original audio signal. It is

obtained by summing the energy of the original power spectrum within a series of

frequency bands.

The initial step is the same described for the Cepstral Coefficients in the previ-

ous section. Each one of the time histories Nth is framed into overlapping segments

(Nframes). Subsequently, applying the DFT, the power spectrum, P (k), is evalu-

ated for each frame.

To extract reduced rank spectral features, the spectral coefficients are grouped

in logarithmic sub-bands. The output of the logarithmic frequency range is the

sum of the power spectrum in each logarithmic sub-band.
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(a)

(b)

Figure 3.7: (a) Average Power Spectrum and (b) Frequency Warping procedure

The bands are logarithmically distributed (base 2 logarithms) between two fre-

quency edges loEdge (lower edge) and hiEdge (higher edge). The spectral resolution

r of the frequency bands within the [loEdge,hiEdge] interval can be chosen from

eight possible values, ranging from 1/16 of an octave to 8 octaves:

r = 2joctaves(4 ≤ j ≤ +3) (3.4)

loEdge and hiEdge represents the frequency range of the study case. Within the

default [loEdge,hiEdge] range, the number of logarithmic bands that corresponds to

r is Bin = 8/r. The low (loFb) and high (hiFb) frequency edges of each band are

given by:

loFb = loEdge × 2(b−1)r

hiFb = loEdge × 2br
(3.5)

The sum of power coefficients in band b [loFb ,hiFb ] gives the ASE coefficient for
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this frequency range. The coefficient for the band b is:

ASE(b) =

hiKb∑
k=loKb

P (k)(1 ≤ b ≤ Bin) (3.6)

where P (k) are the power spectrum coefficients, and loKb (respectively hiKb)

is the integer frequency bin corresponding to the lower edge of the band loFb (the

higher edge of the band hiFb) obtained from Equation 3.5.

However, the repartition of the power spectrum coefficients P (k) among the

different frequency bands can be a problem, particularly for the narrower lowfre-

quency bands when the resolution r is high. It is reasonable to assume that a

power spectrum coefficient whose distance to a band edge is less than half the

FFT resolution (i.e., less than F/2) contributes to the ASE coefficients of both

neighboring bands. How such a coefficient should be shared by the two bands is

not specified by the standard. The bin within-band band power coefficients are

completed by two additional values: the powers of the spectrum between 0 Hz and

loEdge and between hiEdge and the Nyquist frequency fs/2 (provided that hiEdge

< Nyquist frequency). These two values represent the out-of-band energy.

The summation of all ASE coefficients equals the power in the analysis window,

according to Parsevals theorem. More generally, this descriptor has useful scaling

properties: the power spectrum over an interval is equal to the sum of power

spectra over subintervals. The ASE provides a compact representation of the

spectrogram of the input signal.

The resulting log-frequency power spectrum is converted to the decibel scale.

D(b, k) = 10log(ASE(b, k)) (3.7)

where f is the logarithmic frequency range. Finally, each decibel-scale spectral

vector is normalized with the RMS (root mean square) energy envelope, thus

yielding a normalized log-power version of the ASE (NASE). The full rank features

for each frame k consist of both the RMS-norm gain value Rk and the normalized

ASE (NASE) vector.

Rk =

√√√√ B∑
b=1

(D(b, k))2 (3.8)
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NASE(b, k) =
D(b, k)

Rk

forb = 0, ..., B − 1, fork = 1, ..., Nframes (3.9)

where B is the number of ASE spectral coefficients and Nframes is the total number

of frames.

3.3 Numerical Application

In this section, a numerical study case is carried on to present the application of the

Cepstral Coefficients and the MPEG-7 features. The parameters governing their

extraction process are initially highlighted, and then the coefficients are tested

within a damage detection framework. The performance of these parameters as

damage sensitive features is compared with the results obtained, replacing them

with the modal parameters (frequencies and damping ratios).

3.3.1 System’s description

The simulated system is an 8-story shear-type frame (Figure 3.8). It is built up

according to the mass-spring-viscous damper structure. It is a classically damped

system, and the damping matrix is defined following the Rayleigh damping mech-

anism. The nodes are numbered in ascending order starting from the one closest

to the constraint.

Figure 3.8: 8 Degrees of Freedom Shear Type System

The reference system is characterized by inter-story stiffness k0
i = 6×106 N/m

and mass m0
i = 2×103 Kg for i = 1, ..., 8. The undamaged and damaged scenarios

considered for this structure are defined in Table 3.1. In order to take into account

the operational and environmental variability conditions 9 undamaged states are

defined, while, on the other hand, 8 different damaged scenarios are planned to

simulate different occurring damages. The system is excited by a white Gaussian

noise input applied at each DOF. The input time histories, of mean 0 and standard
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Table 3.1: Damaged and Undamaged states considered for the 8-story frame.

State Label Description

1 Undamaged (U1) baseline

2 Undamaged (U2) m1 = 1.05m0
1

3 Undamaged (U3) m8 = 1.05m0
8

4 Undamaged (U4) ki = 0.98 k0
i , i = 1, ..., 5

5 Undamaged (U5) ki = 0.98 k0
i , i = 6, 7, 8

6 Undamaged (U6) ki = 0.99 k0
i , i = 1, ..., 5

7 Undamaged (U7) ki = 0.99 k0
i , i = 6, 7, 8

8 Undamaged (U8) ki = 1.03 k0
i , i = 1, ..., 5

9 Undamaged (U9) ki = 1.03 k0
i , i = 6, 7, 8

10 Damaged (D1) k5 = 0.85 k0
5

11 Damaged (D2) k7 = 0.85 k0
7

12 Damaged (D3) k8 = 0.85 k0
8

13 Damaged (D4) k1 = 0.90 k0
1

14 Damaged (D5) k3 = 0.90 k0
3

15 Damaged (D6) k5 = 0.90 k0
5

16 Damaged (D7) k7 = 0.90 k0
7

17 Damaged (D8) k8 = 0.90 k0
8
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deviation 1, last 2 minutes, with a sampling time of 0.01 seconds. The effect of the

measurement noise is taken into account adding 10% RMS white Gaussian noise

to the system response. Moreover to reproduce the operational variability, for

each data set realization, the values of structural masses and stiffnesses for both

damaged and undamaged states reported in Table 3.1, are perturbed by a small

amount, randomly picked from a set of values, uniformly distributed between -0.01

and 0.01. For each undamaged scenario, 50 realizations are simulated.

The system simulated response data have to be normalized before extracting

the structural sensitive features:

xnormalized[n] =
x[n]− x
σx

(3.10)

where x[n] is the original signal, x its mean and σx its standard deviation. This

standardization is performed on each frame, when Cepstral features and audio

spectrum envelope features are extracted while it is applied on the whole signal

when frequencies are identified through the system identification techniques.

3.3.2 Feature extraction & User’s defined parameters

The extraction procedure of CCs and NASE features previously exploited in Sec-

tions 3.1 and 3.2 presents a straightforward implementation procedure, a very low

computational burden, and a few user’s defined parameters.

The parameters driving the extraction process of the Cepstral Coefficients are

three: the cutoff frequency fc; the sampling frequency fs and the number of

triangular filters. The cutoff frequency fc is an entire user’s defined parameters,

and it indicates the separating boundary between the area of the spectrum which

is treated linearly and the one in which the content is weighted logarithmically.

Therefore, the cutoff frequency plays an important role in how the filters are

stretched in the frequency domain. The sampling frequency fs, on the other hand,

it is a quantity that rarely can be specified by the user, who usually received the

data already sampled and recorded. Indeed, who is in charge of the monitoring

system installed on the structure is the one setting the value of the sampling

frequency. This parameter, even if not specified by the user, gives important

information about how many filters should be considered to carry on the necessary

information about the frequency energy content of the signal. As mentioned in
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Section 3.1. Fraile Muñoz et al. 2008 suggested an empirical expression to derive

the number of filters M , knowing the sampling frequency. However, the user is

free to set the desired number of filters, and consequently of Cepstral Coefficients,

where the aim is to find the right balance between a good resolution in reading

the energy content optimizing the number of coefficients.

Figure 3.9: Average Spectrum

In the extraction process of the NASE features, the number of rectangular

filters is the only parameter that needs to be set and is entirely in the hands of

the user. The assumptions made for the identification of the number of triangular

filters are valid also for the definition of the rectangular ones; therefore, the em-

pirical expression given by Fraile Muñoz et al. 2008 can be used as well. There

is no need for defining a cutoff frequency because the octave scale, used for these

coefficients is logarithmic all over the frequency spectra.

Here, the number of triangular filters can be set according to the Fraile et

al. criterion presented in Section 3.1. Since the sampling frequency adopted to

simulate the system response is equal to 100 Hz, M is set to 13. The resolution

for the octave scale is here chosen (1/2 octave) in order to have the same number

of frequency bins derived for the Cepstral Coefficients.

To form the average spectrum, 50 realizations of the response of the system,

under the baseline state 1 of Table, are employed, and the most reasonable cutoff

frequency fc is set equal to 20 Hz since the entire frequency content is concentrated

in the lower part of the spectrum (Figure 3.9). Figure 3.10 and Figure 3.11 show

the distribution of the triangular filter and of the rectangular filters, respectively,

in the frequency domain.
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Figure 3.10: Frequency Warping with Cepstral Coefficients.

Figure 3.11: Frequency Warping with MPEG7.

3.3.3 Damage Detection Algorithm

The research in the field of statistical pattern recognition based damage detection

has been quite active in the last ten years, leading to the proposal of numerous

damage detection algorithms. The typical scheme is that of constructing a model

of the damage sensitive features representative of the healthy states and then

comparing new instances of features extracted from the response of the system
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under unknown conditions against those representatives of the original trained

model to determine whether these new instances are novel, i.e. deviating from

the reference model, or are instead new realizations of the healthy system. The

training model is usually represented by a probability density function estimated

using the trained features. In this work, CCs, MPEG-7, and modal parameters

are assumed to be multivariate and normally distributed. This assumption is not

far from reality, especially when the number of training data is large.

In fact, for what concerns Cepstral Coefficients normality, due to the optimal

decorrelation properties of inverse DCT, the Cepstral Coefficients may be consid-

ered to be almost uncorrelated, as far as allowed by the use of noisy data.

In addition, since the vectors are obtained through the same operations, it is

reasonable to assume that they are identically distributed. It is well known that a

set of n independent identically distributed (i.i.d.) vectors will approach a normal

distribution as the limit of n approaches large values. Therefore, estimating the

mean vector and the covariance matrix of the ensemble of training feature vectors

is enough to characterize the distribution of all these three features.

The structural damage detection strategy proposed in this chapter makes use

of the Mahalanobis Squared Distance as the damage index. The Mahalanobis

Squared Distance of a d-dimensional point, x, from a population characterized by

mean, µ, and covariance matrix, Σ, is a scalar given by:

D2
µ(x) = (x− µ)TΣ−1(x− µ) (3.11)

The advantage of employing MSD is twofold: firstly, the use of the sample co-

variance matrix, estimated using samples measured under different external con-

ditions, e.g., temperature, traffic, wind in a bridge structure, allows to account for

the feature variability produced by such factors’ influence; furthermore, MSD is

the preferred metric in the field of outlier detection, such that a substantial body

of work is available on the subject. As mentioned in Section 2.4.4, the knowledge

of the damage index distribution is crucial for defining a threshold to use for the

outlier analysis. It is known that the Mahalanobis Squared Distance of normally

distributed instances is asymptotically χ2-distributed. However, it is proved that

the distribution of the MSD of a d-variate point x, when x is not involved in the

estimation of the sample mean and the sample covariance matrix, follows a scaled

F-distribution with degrees of freedom d and n − d, where d is the dimension of
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x, and n is the number of observations used to construct the sample statistics’

estimators.

The steps involved in the following damage sensitive features are divided into

two macro-phases: the training phase and the testing phase. Let us assume that,

for the training phase, ntr sets of structural response time histories are available

from each of the s sensors located on the monitored system. Before engaging into

the feature extraction process, a subset of the ntr realizations, previously referred

to as n, is selected to construct the filter bank. Then, the desired coefficients

are extracted from each of the ntr · s time histories. Each response time series of

the ith data set realization is divided into Nframes frames, and from each frame a

V × 1 feature vector is derived, where V is the generic dimension of the damage

sensitive feature vector (it is equal to D for the Cepstral Coefficients, equal to

B for the MPEG-7 and equal to the number of identified structural modes for

the frequencies ). The sample mean of the Nframes feature vectors is stored and

concatenated to the other s− 1 mean feature vectors, generating a feature vector

f
(i)
d ∈ Rs·(V−1)×1, for i = 1, ..., ntr. The training model is then constituted by the

set of ntr feature vectors f
(i)
d , for i = 1, ..., ntr whose sample mean mtr:

mtr =
1

ntr

ntr∑
i=1

f
(i)
d (3.12)

and unbiased sample covariance matrix Str:

Str =
1

ntr − 1

ntr∑
i=1

(f
(i)
d −mtr)(f

(i)
d −mtr)

T (3.13)

can be evaluated, forming what can be defined as the training model.

Let us now assume that a set of nte data sets are available for testing. These are

data sets for which the condition of the structure is unknown and will be used to

assess whether or not changes have occurred in the structure. In the case of short-

term applications, nte can be equal 1 but, in general, let us assume that nte >1.

From each testing data set, a feature vector f̃d
(j) ∈ Rs·(V−1)×1, for i = 1, ..., nte, is

extracted, in order to get a population of nte feature vectors. The Mahalanobis

Squared Distance between training and testing models is estimated according to

Equation 3.11:

D2
mtr(mte) = (mte −mtr)

TΣ−1
tr (mte −mtr) (3.14)
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where mte represents the sample mean of the nte feature realizations computed

from the testing data set, if nte > 1:

mte =
1

nte

nte∑
j=1

f̃d
(j)

(3.15)

while it is simply equal to f̃d
(1)

if nte is equal to 1. The damage index D2
mtr(mte)

must then be compared against a threshold, Γ,in order to assess the occurrence of

damage. As previously stated, the Mahalanobis Squared Distance of the testing

point mte ∈ Rs·(V−1)×1 from the training population, whose sample mean vector,

mtr, and the sample covariance matrix, Str, have been estimated using ntr data

points, but without using the point mte, is distributed according to a scaled F-

distribution with degrees of freedom s · (V − 1) and ntr − s · (V − 1):

ntr(ntr − d)

(n2
tr − 1)d

D2
mtr(mte) ∼ Fd,ntr−d (3.16)

where d is equal to s · (V − 1). The threshold, Γ, is then set to the value

of the 1-α percentile of Fd,ntr−d. For each test, the value of D2
mtr(mte), scaled by

ntr(ntr−d)

(n2
tr−1)d

can then be compared to Γ: if it exceeds the threshold value the structure

is declared damaged. In this work, αis set equal to 1%.

3.3.4 DSF performance

Training : For the present example, ntr is equal to 450 (50 realizations of each

of the nine undamaged scenarios). Therefore, the training data-set is constituted

by 450 × s time histories, where s is the number of accelerometers available for

a specific sensor setup. The construction of the training model requires only the

evaluation of sample mean and sample variance-covariance matrix of the features

extracted from the training data.

The threshold value is found to be 1.4235 when Cepstral Coefficients and NASE

indicators are used, while, when using frequencies and frequencies-damping ratios,

the thresholds become 2.5516 and 2.0417, respectively. The Mahalanobis Squared

Distance evaluated for the Cepstral Coefficients is scaled by a factor of 0.0074,

like when NASE coefficients are involved, the damage index is scaled by a factor

of, in the case of frequencies it becomes 0.1228 and 0.0603.
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Figure 3.12: Mahalanobis Squared Distance for Tests of Case Study using frequen-
cies as features.

Figure 3.13: Mahalanobis Squared Distance for Tests of Case Study using NASE
as features.
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Figure 3.14: Mahalanobis Squared Distance for Tests of Case Study using Cepstral
Coefficients as features.

Table 3.2: Results

DSF
No.

Features
Type I error Type II error

CCs (fc=20) 13 1.11 1.25

MPEG-7 13 2.22 2.50

DD-SSI (f) 8 1.11 6.25

DD-SSI (f+ξ) 16 1.11 12.5

Testing : To test whether the algorithm is capable of identifying the presence

of structural damage, ten realizations of the response of the system for each of the

17 states of Table 3.1 are simulated. Each resulting dataset is treated individually

as a single test, in order to simulate the short-term SHM modus operandi. The

results of the tests are given in Table 3.2 in terms of Type I and Type II errors,

in Figure 3.12, Figure 3.13, Figure 3.14 the performance of Cepstral Coefficients,

NASE indicators, and modal parameters are compared.

Observation of Table 3.2 clarifies that the performances of Cepstral Coefficients

and NASE indicators are comparable, although the Cepstral Coefficients perform

slightly better than the NASE coefficients.

Modal parameters show to be the less effective DSFs. Even if they keep a

small error rate towards type I error, they fail the identification of damage in the

states where the damage is present, leading to high Type II error, which is not
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acceptable. The type II error rate gets worse when the structural frequencies are

combined with the damping ratios, which confirm to be an unstable indicator and

not as efficient as damage sensitive features.

It is worth noticing how the Mahalanobis distance, when frequencies are used

as DSFs (Figure 3.12), shows a high variability between every realization belonging

to the same state, damaged or undamaged state. When using Cepstral Coefficients

and MPEG-7 this variability is less pronounced, and the MSD is more compact

in every state. This finding demonstrates the less sensitivity of the audio features

towards operational and environmental variability, which is simulated, introducing

a small perturbation for each realization.

It is also interesting to note that the damage index magnitude, for all the

study cases, is higher for damage cases from 1 to 3, which are characterized by a

15% decrease of interstory stiffness, while decreases for the remaining cases (10%

reduction), indicating proportionality between the amplitude of all the adopted

damage sensitive features and the damage severity.

An additional investigation is carried on varying the number of coefficients

for Cepstral features and MPEG-7 and the number of identified frequencies, to

check the sensitivity of the damage detection methodology towards the parame-

ters driving the extraction of these features. As already mentioned, for Cepstral

Coefficients, the only two variables the user can define are the cutoff frequency and

the number of frequency bands, which also corresponds to the number of features;

while for the MPEG-7 features, the user needs to set only the number of actual

coefficients. The results in terms of type error I and type error II are shown in

Table 3.3. It is evident that the cutoff frequency for CCs is not a highly influ-

encing parameter since the value of both type error I and type error II is slightly

changing. On the other hand, the number of coefficients, used in the damage

detection strategy, strongly affects the performance of the framework. Increasing

the number of frequency bands and consequently, the number of coefficients leads

to a less effective.

It is also interesting to analyze the performance of the damage detection strat-

egy, varying the number of frequencies used as features. This test aims to simulate

the condition in which not all the frequencies are correctly identified, which com-

monly happens in the identification of complex structures. In the three cases, it is

assumed that the eight structural modes, the first six modes and finally only the

first four modes are respectively identified. It is clear how missing some frequencies
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can cause an important failure in the identification of the damage states.

Table 3.3: Results.

DSF
No.

Features
Type I error Type II error

CCs (fc=10) 13 3.33 0.00

CCs (fc=15) 13 2.22 0.00

CCs (fc=20) 13 1.11 0.00

CCs (fc=50) 13 2.22 0.00

CCs (fc=80) 13 2.22 0.00

CCs (fc=20) 8 2.22 0.00

CCs (fc=20) 13 1.11 0.00

CCs (fc=20) 15 1.11 1.25

CCs (fc=20) 20 1.11 2.50

CCs (fc=20) 30 2.22 3.75

MPEG-7 8 2.22 2.50

MPEG-7 13 2.22 2.50

MPEG-7 15 3.33 6.25

MPEG-7 20 3.33 6.25

MPEG-7 30 2.22 7.50

DD-SSI (f) 8 1.11 6.25

DD-SSI (f) 6 0.00 17.5

DD-SSI (f) 4 0.00 33.75

3.4 Conclusions

new family of DSFs was investigated. The proposed indicators come from the

speech and speaker recognition research field and are audio features: the Cepstral

Coefficients and the MPEG-7 NASE indicators. An extensive treatment of the

extraction modality of such features was described, explaining in detail the ap-

proach used to define the filter bank and the number of coefficients necessary to

perform the extraction.

Both these features are then implemented in a damage detection technique
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Figure 3.15: Total error for the two audio features varying the number of coeffi-
cients.

which is based on Mahalanobis Squared Distance. The definition of the threshold

has been performed taking into account the fact the Mahalanobis Squared Distance

of a d-dimensional point, x, is F-distributed with degrees of freedom d and n− d,

when x has not been used to estimate the sample mean and the sample covariance

matrix, and when n samples from a d-variate normal distribution are available to

construct the sample statistics estimators. The algorithm was tested on a frame

structure, comparing the performance of the novel damage sensitive features with

the one given by the use of frequencies and damping ratios as damage indicators.

The test adopted a set of simulated data from an 8 DOFs shear-type system.

The performance of the algorithm under operational and environmental vari-

ability, as well as considering different damage scenarios, was investigated.

Comparing the properties of Cepstral features and MPEG with those of the

modal parameters, the proposed indicators are generally more compact and require

lower computational effort than the modal parameters, making the model more

robust to environmental factors. More importantly, the results show that CCs

and MPEG are less sensitive to environmental and operational variability in the

training data than modal parameters. Moreover, the false acceptance rate of CCs

is quite low, never exceeding 5%, for the considered case studies.
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Chapter 4

Temperature Sensitivity of

Cepstral Coefficients and

Cointegration-based Removal

Approach

TThis chapter introduces the cointegration technique, a tool usually used in the

econometric field to remove trend from data. Here, the cointegration is applied to

deal with nonstationary time series of DSFs, which present long-term dependency

from environmental variation. If two or more monitored variables from an SHM

system are cointegrated, then it is possible to find some combination of them that

will be stationary. The stationary residual created from the cointegration pro-

cedure can be used as a DSF that is independent of the normal environmental

and operational conditions. The cointegration is addressed in its linear and non-

linear formulation, to take into account the possible nonlinear relations between

DSFs and temperature that usually occur in SHM problems for civil structures.

The object of this chapter is to examine the temperature dependency of Cepstral

Coefficients from environmental fluctuations, like temperature, and, then apply

the cointegration technique to remove the environmental dependencies if present.

Two applications are addressed: a numerical simulation of a cantilever beam sub-

jected to damage and temperature variation and an experimental case on the data

available from the benchmark Z-24 study case.

The Z24 data have been collected within the Brite EuRam Programme BE-3157
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SIMCES with a financial contribution of the European Commission. The data

have been kindly provided by the project coordinator, the Structural Mechanics

Section of KU Leuven.

4.1 Introduction to cointegration

In the Introduction, SPR approaches have been stresses to be suitable for imple-

menting efficient damage detection strategies in civil structures. SPR methodolo-

gies start from the response measurement of a structure and build a statistical

model which represents and knows the behavior of the monitored system. Con-

sequently, this model is able to say when the structures behavior deviates from

the normal learned trend. Particularly, novelty detection methodologies proved to

be extremely effective in spotting anomalies in structural behavior, being able to

deal with a major downside of SHM problems, the lack of damage data reference.

Novelty detection approaches are based on the assumption that some moni-

tored DSFs will remain stationary as long as a structure keeps behaving in its

normal condition. The occurrence of damage is then suggested by any meaningful

shift happening in those features.

Unfortunately, several studies have been carried on, that proved that changes

in DSFs could often be caused by variations in the environmental or operational

conditions. Moreover, it has been observed that, changes caused by environmen-

tal fluctuations can sometimes be of the very degree of magnitude or even more

significant than the ones due to damage. This dependency can cause several prob-

lems if not well managed. An efficient and reliable SHM strategy should be able

to distinguish damage-based changes from the operational-based ones, without

leading to any false-positive or false-negative detections. These problems are the

major reasons for the slow uptake of SPR-based damage detection methodologies

outside the world of academic research.

There are two different ways of facing the problem. One approach is to look

for DSFs that are insensitive by nature as much as possible to environmental

and operational changes. Unfortunately, the DSFs commonly adopted in SHM

problems are highly dependent on environmental variations.

Modal parameters represent a safe and common choice for civil engineers aim-

ing to solve SHM problems. Indeed, frequencies, damping ratios, and mode shapes
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have the unique characteristic of having a direct and readable correlation to the

structures mechanical parameters. Features like Cepstral Coefficients, instead,

do not have the same direct connection to physical parameters. This advantage

makes modal parameters extremely feasible in theory for damage detection prob-

lems. However, hundreds of studies showed that they are extremely sensitive to

environmental/operational fluctuations, being, consequently, pretty unreliable as

DSFs. Therefore, if natural frequencies want to be used in a damage detection

strategy, it is mandatory to account for or remove environmental/operational vari-

ability in damage-sensitive features (Sohn 2006).

Cepstral Coefficients, on the other hand, showed to have all the characteristics

a good DSF should have. They present a very easy and fast extraction process with

almost no user-defined parameters to be set. The dependency of CCs from the

environmental changes has never been investigated before, and it will be addressed

in this chapter. It is shown that, because of their extraction procedure, some of

the extracted CCs tend to be less sensitive to environmental fluctuations.

In the research literature, several approaches have been proposed for dealing

with the dependency of DSFs from environmental and operational changes. These

methodologies can be classified according to the kinds of data obtained in a moni-

toring campaign. One way of approaching to the problem, appropriate despite the

direct measurement of the changing environment may or may not be available, is

to directly define the normal condition with data collected over a long period from

an undamaged structure. The observed regular behavior will encompass feature

deviations influenced by alternative benign conditions if a large bank of data is

available. This dataset should include measurements occurring under the influence

of a wide range of environmental and operational conditions. One obvious disad-

vantage is the lack of ability to guarantee that the dataset does include data from

a full range of environmental/operational conditions. An additional limitation is

that within a wide normal condition, any sensitivity to damage a detector has

may well be lost. When measurements of the relevant environmental conditions

are available, an alternative that may restore sensitivity to damage could be to

work with subsets of normal condition data. In this case, a novelty detector is

constructed for a subset that relates to a specific environmental condition. Then,

new data could be tested by the novelty detector relevant to the environmental

condition at the time. Although this approach should improve damage sensitivity,

it would still require a large amount of data to be acquired and stored before
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any meaningful SHM could be carried out. Most commonly, where comprehen-

sive measurements of the relevant operational and environmental conditions are

available, regression techniques have been used.

Churchward and Sokal 1981 attempted to predict the temperature distribu-

tion within bridge sections and to determine longitudinal expansion, and vertical

deflection based on three-year monitoring of a post-stressed concrete section of a

bridge. The measured environmental parameters include ambient air temperature,

solar radiation, hours of sunshine, and the temperature on the top surface of the

section. It is found that the temperature profile can be reasonably represented

through only two design variables, namely maximum differential temperature and

base temperature. Sohn et al. 1998 investigate a linear adaptive model that may

discriminate the variations of modal parameters related to temperature changes

from those caused by structural damage or other effects. They validate the proce-

dure using the data from the Alamosa Canyon Bridge in the state of New Mexico.

Results indicate that a linear four-input filter of temperature can reproduce the

natural variability of the frequencies for different time of day. Using this simple

model, they try to build a confidence interval of the fundamental frequency for a

new temperature profile to distinguish the natural change due to temperature. Re-

cently Ubertini et al. 2017, investigated in detail the correlations between natural

frequencies and environmental parameters in the study case of the masonry San

Pietro bell tower in Perugia. They validated the application of a linear statistical

regressive model based on the use of several environmental continuous monitor-

ing sensors to predict frequencies and create a more informed statistical model

representing the dynamic behavior of the structure.

A suitable regression efficiently works as a filter to eliminate the influence

of the favorable conditions from the model error, which can then be used as a

damage-sensitive, environmentally insensitive feature (Peeters et al. 2001; Sohn

et al. 1998; Worden et al. 2000). The approaches examined in this study are

intended to be applicable in situations where measurement of external conditions

is not necessarily available. For a good review of previous approaches to the data

normalization problem, readers are referred to Sohn 2006.

The current chapter intends to introduce the concept of cointegration. The

cointegration idea comes from the econometric realm, where it is used to project

out components of data that correspond to nonstationary long-term trends. Its

theoretical background draws from several key texts from the econometrics liter-
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ature, like Johansen 1995, Fuller 1996, Maddala and Kim 1998 and Juselius 2006,

which the reader may refer to for a more mathematically rigorous treatment of

the material.

Cointegration technique could be very useful in the data normalization phase of

SHM, as it would remove the environmental and operational effects that generally

appear on a longer time scale compared to the dynamics of the structure that is

sensitive to damage. In general, in econometrics, it is considered more interesting

to know if a relationship among different time series exists and to estimate its

parameters. In contrast, for SHM purposes, engineers are interested in finding a

relationship between the dynamic variables of a system. This connection should

be sensitive to damage presence but insensitive to environmental and operational

variations (Chen et al. 2009).

Cross et al. 2011 have proved the effectiveness of linear cointegration in SHM.

They introduce the concept of cointegration as a tool for the analysis of nonsta-

tionary DSFs’ time series. They showed that, if two or more monitored variables

from an SHM system are cointegrated, then some linear combination of them will

be a stationary residual purged of the common trends in the original dataset.

The stationary residual created from the cointegration procedure can be used as a

DSFs that is independent of the normal environmental and operational conditions.

Shi et al. 2016 also explored nonlinear cointegration by fitting a nonlinear multiple

regression model on one of the time series, recognizing that the linear nature of

cointegration might limit its application to SHM problems. Coletta 2017; Coletta

et al. 2019, as well, proposed an alternative nonlinear cointegration, where the

nonlinearity relationship between the variables is taken into account using nonlin-

ear regression models like Support Vector Machine and Relevance Vector Machine

with nonlinear kernels.

Here, the application of cointegration is extended on two different levels: fea-

tures and regression tools. Until now, the cointegration technique has been applied

to common DSFs like frequencies. Here, it is applied to CCs to remove the de-

pendency of some of these coefficients from long-term environmental trends like

temperature. Additionally, the nonlinear regression techniques addressed by Co-

letta et al. 2019 are here considered as well and used to carry on the nonlinear

cointegration approach.
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4.2 Cointegration Technique

Starting from a set of nonstationary time series, that represents the evolution of the

dynamic response over time, the aim behind the application of the cointegration

technique is to define a combination of them which is stationary and that can

be used as a damage index or control parameter. Here, to begin with, a simple

definition of cointegration is given

Definition Two or more nonstationary time series are cointegrated if a linear

combination of them is stationary. If this stationary combination exists, the initial

time series are defined cointegrated.

In the following equation, where the nonstationary time series are modeled as

a Vector Autoregression (VAR) process yi, the series are cointegrated if a vector

β exists such that zi is stationary, where

zi = βTyi (4.1)

If this is the case, βT is called a cointegrating vector. If yi includes a total of

n variables, there may be as many as n − 1 linearly independent cointegrating

vectors. Clearly, for the time series to be cointegrated, to begin with, they must

have shared/common trends. There is one further restriction, which is that all

times series must be integrated of the same order.

Definition If a nonstationary process variable y becomes stationary after dif-

ferencing d times, it is said to be integrated of order d, which is denoted y ∼ I(d).

In other words, the time series must have the same ’degree of nonstationarity’

if they are cointegrated.

For the purposes of SHM, the intent would be to use monitored variables that

are cointegrated and find the cointegrating vector to create a stationary residual

sequence for damage detection. From an engineering point of view, monitored

variables from the same process or system are more than likely to share common

trends on account that each process variable will be driven by the same latent

influences. This cannot be said, however, of the order of integration of each

monitored variable, this must be ascertained before any attempt is made to find

the cointegrating vector. The order of integration of a time series is ascertained in

econometrics by employing a stationarity test, which is often analogous to testing

for a unit root in a time series model. The stationarity test employed here is
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called the Augmented Dickey Fuller (ADF) test, the reader is referred to Dickey

and Fuller 1979, 1981 for a detailed treatment of the subject. Once it has been

ascertained to what order all process variables of interest are integrated to, it

remains to find the cointegrating vector that will result in the most stationary

combination of the variables.

4.3 Nonlinear Cointegration

In the context of SHM usually the reference time series are simply the dynamic

features of monitored structures (eg. accelerations, frequencies, etc); thus, if it

exists, the cointegration relationship will possibly be nonlinear.

Intuitively, nonlinear cointegration relates to a set of nonstationary variables

that require a nonlinear combination to reduce the nonstationarity of the resultant.

In the following, a set of nonstationary variables yi are nonlinearly cointegrated if

zi is integrated to a lower order than yi (or ideally stationary), where f represents

a nonlinear function.

zi = f(yi−1) (4.2)

In this case f() will be referred to as the cointegrating function.

When reviewing progress of research into nonlinear cointegration, it is useful

to bear in mind that for SHM applications, the aims in using nonlinear cointegra-

tion are probably very different to those of the econometric field. The approach

in this thesis seeks to exploit the cointegration property of variables and create

a stationary combination of them purged of environmentally or operationally in-

duced (nonlinear) trends, and then use this stationary residual as a diagnostic

tool to determine whether a structure continues to respond in a normal way. In

the field of econometrics, the behaviour and influences to a process/variable are

more uncertain, and in general the aim of studying cointegration is to establish if

potentially spuriously related variables are truly related, and to predict how they

will move together in the long run even after shocks and unforeseen events. Really

the concern is to very accurately model the structure of these stochastic variables

in relation to each other. For these reasons, a lot of attention is given to the

nature of the variables under consideration, and statistical tests are needed to de-

termine whether a variable should be modeled as linear and stationary, linear and

86



Chapter 4. Temperature Sensitivity of Cepstral Coefficients and
Cointegration-based Removal Approach

nonstationary, nonlinear and stationary, or finally nonlinear and nonstationary.

Nonlinear cointegration analysis is necessary for the nonlinear and nonstationary

variables. In econometrics, the property of nonlinear cointegration is often dis-

cussed and expressed through the ideas of stability, attractors and mixing; the

property of cointegration generalizes to whether or not variables have attractors

with similar topological properties (these include entropies, Lyapunov exponents

and topological dimension), or to whether the nonlinear combination of variables

is mixing or not.

The concept of mixing is quite an abstract one, but for the purposes of SHM,

it can simply be regarded as a somewhat stronger condition than stationarity i.e.

mixing in a time series implies ergodicity of that series, which in turn implies

stationarity. For the purposes of this work a definition of nonlinear cointegration

that will suffice applies to nonstationary variables that become stationary after

some form of nonlinear combination, and it is finding this nonlinear combination

that is most likely of interest to SHM practitioners more than anything else.

4.4 Cointegration within a Damage Detection

Approach

The cointegration technique is a powerful tool that can be used to remove the

dependency of damage sensitive features from environmental variations, making

them more robust, insensitive to long-term trend and therefore more suitable for

damage detection problems. The cointegration approach can be easily imple-

mented in damage detection approaches and here it is considered in an outlier-

based methodology.

Step 1: Initially the nature of the monitored damage sensitive features need to

be checked to establish if the are suitable to be normalized using the cointegration

approach. Each variables should be integrated of the same order, in other words

they should have the same degree of nonstationarity.

Furthermore, for applying the Johansen procedure, each monitored variable

should be integrated order one I(1), i.e. a nonstationary variable with first differ-

ence stationary. To determine the integration order, the ADF test is initially run

on each variable.

Step 2: Once the suitable variables are identified, it is necessary to split the
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dataset into training and test set. The training one, represents the portion of the

dataset on which the regression model is build. Therefore, it is necessary that the

selected range of training data collects all the possible fluctuations due to envi-

ronmental variations, in order to create a reliable and accurate regression model,

able to mimic the behavior of the structure during all the common operational

conditions.

Step 3: Considering the training data, the relationships between the variables

matching the ADF requirements are investigated. Indeed, the construction of the

regression model depends on how the different variables are correlated; particularly

if these relationships are linear or nonlinear. Once this information is derived, it is

possible to choose the most suitable regression model for the study case. Moreover,

to build the regression model itself, it is necessary to select one of the variables as

regression target and use the other ones to fit the model on that target.

Then, the performance of the model is tested on the training data, applying

the ADF tests to the residuals obtained from the predicted data and the measured

ones. If the model residual series is integrated to a lower order than the original

variables, one can say that the cointegrating relationship is established success-

fully; the common trends are purged, therefore, the model residual series may be

a potentially good indicator of damage induced variations.

Step 4: Once a suitable regression model has been found, new data from

the monitored variables should be projected on to it. If the cointegrating vector

was established on data from the normal condition of the structure, the residual

sequence from the linear combination will continue to be stationary all the time

the structure continues to operate in its normal condition. The residual sequence

should therefore be continually monitored and deviations from stationarity taken

to indicate a deviation from the normal condition of the structure.

4.5 The Augmented DickeyFuller test

The ADF test is a statistical test used to determine if a time series is stationary

or not and, in this last case, how many times one has to difference a time series

to make it stationary (Fuller 1996). Like many econometric stationarity tests, the

ADF test is based on a unit root test for a time series model. If a time series

model has a unit root, it will be inherently nonstationary.
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The idea is perhaps best illustrated by looking at a first-order AR model

(AR(1)), which takes the form

yi = a1yi−1 + εi (4.3)

where εi can be considered to be a Gaussian white noise process. In this case,the

value of a1 defines the root of the characteristic equation of the process. The roots

of the characteristic equation of any process determine its stability and, therefore,

its stationarity. In this example, the process yi will be stationary if a1 is less than

one in magnitude, and nonstationary, if it is larger or equal to one in magnitude.

In the case that a1 is equal to one, the process will have a unit root, and Equation

4.3 becomes

yi = a1yi−1 + εi ⇒ ∆yi = εi (4.4)

The process will be nonstationary but its first difference will be stationary; in

econometrics terminology, it will be integrated order one, denoted yi ∼ I(1).

When fitting a process to an AR(1) model then, information on the stationarity

of the process is obtained from the parameters defining the characteristic root.

This is normally achieved by testing a null hypothesis of a1 = 1. The most

obvious way of going about this would be to carry out a t-test on the parameter

a1; however, under the assumption of nonstationarity, the least-squares estimate

of the parameter will not be distributed around unity. Rather than carrying out a

traditional t-test, the t-test statistic will normally be compared with critical values

constructed by and found in Dickey and Fuller 1979.

The ADF test follows the same premise as described above, but involves fitting

the data to a more complex time series model as described in

∆yi = ρyi−1 +

p−1∑
j=1

bj∆yij + εi (4.5)

Here, the difference operator ∆ is defined as ∆yij = yi−j − yi−j−1. A suitable

number of lags p should be included to insure that εi becomes a white noise

process. To convert from the more traditional AR(p) model to the model form

(Equation 4.5), the following substitutions should be made: let a1 = 1 + ρ + b1,

an = −bn−1 + bn, for n = 2...p − 1, and ap = bp−1, where aj are the AR model

coefficients. Using these substitutions, the characteristic Equation 4.5 can readily
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be obtained from the characteristic equation of an AR(p) process as

1− λ−1 − ρλ−1 −
p−1∑
j=1

bj(1− λ−1)λ−j = 0 (4.6)

where λ are the roots of the characteristic equation. With this more complex

form of time series model, there could be as many as p independent roots. As an

explosive process would be obvious to the analyst from the outset, the scenarios

that remain of interest here are those where all roots are smaller than or equal to

unity. If at least one root of the characteristic equation is unity, it follows from

Equation 4.6 that ρ must equal zero. Assume for the moment that there is a single

unit root and consider the remaining (p− 1) roots of the characteristic equation.

With ρ = 0, Equation 4.6 becomes

(1− λ−1)

{
1−

p−1∑
j=1

bjλ
−j

}
= 0⇒ 1−

p−1∑
j=1

bjλ
−j = 0 (4.7)

It is clear that if yi has one unit root, all remaining roots are smaller in magnitude

than one. Furthermore, on closer inspection, Equation 4.7 is the characteristic

equation of the AR process of the differenced time series,

∆yi =

p−1∑
j=1

bj∆yij + εi (4.8)

As Equation 4.7 must have all roots smaller than one in magnitude, the first

difference ∆yi must be stationary. If yi is nonstationary, but its first difference is

stationary, as in the case above, the process is integrated order one. To summarize,

for yi to be integrated of order one, it is necessary that ρ = 0 in Equation 4.5.

The ADF test procedure is, therefore, to estimate the parameters in Equation

4.5 by the least-squares methods and then test the null hypothesis ρ = 0. (Once

the regression model parameters are found, a value t for the ADF test statistic

is computed. The unit root test is then carried out under the null hypothesis

ρ̂ = 0 (unit root exists; series is nonstationary) against the alternative hypothesis

of ρ̂ < 0).

The test statistic

tp =
ρ̂

σρ
(4.9)
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where ρ̂ is the estimate of parameter ρ and σρ the standard deviation of the

estimate. The ADF statistics tp can be compared to the relevant critical value

for the DickeyFuller Test (see table in Fuller 1996). If the test statistic is more

than the critical value (tp > tα), he null hypothesis can be rejected in favor of the

alternative hypothesis, the time series has a unit root and is I(1) (the time series

is stationary).

If the test statistic is less than the critical value (tp < tα), then the null

hypothesis of ρ̂ = 0 is rejected and no unit root is present at level alpha. If

the hypothesis is rejected, the test is repeated for ∆yi,if the hypothesis is then

accepted yi is an I(2) nonstationary sequence. The test can be repeated until the

rejection of the null hypothesis is obtained and in this way the integration order

is determined.

Additional hypotheses and test statistics are needed if the model form used

is extended to include shifts or deterministic trends (or both). For the extended

time series model form,

∆yi = ρyi−1 +

p−1∑
j=1

bj∆yi−j + c2 + c1t+ εi (4.10)

where c1t is a deterministic trend term and c2 is a constant. (The latter two

terms are both optional choices which are dependent on the complexity of the

real model). The null hypothesis for the time series to be integrated of order one

should be extended to include c1, c2 = 0. More details for these specific cases

can be found in Dickey and Fuller 1981 and Fuller 1996. Having ascertained the

degree of nonstationarity of each process variable of interest, an attempt to create

a stationary residual through combination of those variables integrated to the same

order can be made. The phase of ADF testing is fundamental for the analysis, for

the purpose of knowing if among variables a cointegration relationship exists. It

is necessary to repeat the ADF test primarily on the time series and then, after

fitting the regression models, on the model residual.
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4.6 Regression Models

4.6.1 Johansen Procedure

Johansen 1995 proposed a maximum-likelihood-based procedure to find the coin-

tegrating vectors of a dataset. The methodology is designed for nonstationary

variables whose first difference is stationary. The Johansen procedure is built to

estimate the parameters of a vector error-correction model (VECM) of the vari-

ables under consideration. A VECM takes the form

∆yi = Πyi−1 +

p−1∑
j=1

Bj∆yi−j + φD(t) + εi (4.11)

where yi is an n-vector including all n variables to be analyzed, with the subscript

i relating to time, i = 1, ..., N , p represents the model order, or the number of lags

to be included and εi is a noise process. It is also possible to take into account a

deterministic trend including the D(t) term.

The hypothesis behind the Johansen procedure is that, for the VEC model, if

the yi are cointegrated, parameters can be found such that the noise process is

normally distributed; εi ∼ N(0, [Σ]).

Equation 4.11 is the multi-variate analogue of Equation 4.10 and in these

circumstances, a VECM can simply be viewed as a reformulation of a vector auto-

regressive (AR) model. Therefore, to find the best model order p, the variables in

question are fit to a VAR model,

yi = A1yi−1 + A2yi−2 + ...+ Apyi−p + εi (4.12)

and the most suitable model order p for those variables can be found using the

Akaike information criterion (AIC) or similar.

Error-correction models are common in econometrics and are closely linked

with the idea of cointegration. In fact, the existence of an error-correction model

implies that the included variables are cointegrated and vice versa, this is called

the Granger representation theorem (Engle and Granger 1987). If a true error-

correction model exists (i.e. where εi ∼ N(0, [Σ])), the parameters in Π would

describe the long-run equilibrium between variables, and the parameters Bj would

account for short-run adjustments needed to return the process to equilibrium after
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any drifts.

The Johansen procedure uses the maximum likelihood of observing the correc-

tion εi to estimate the parameter matrix Π.

Under the assumption that Equation 4.13 is a true error-correction model and

that the variables under consideration are I(1) (which implies that ∆yi and ∆yi−j

are stationary), the parameter matrix Π must be rank-deficient, say of rank r, and

can therefore be decomposed into two matrices

Π = αβT (4.13)

where α and β are both n× r matrices. From basic linear algebra theory, the r

rows of βT will span the row space of Π. Now as the original matrix Π described

the long-run equilibrium relations between the variables, β can be taken as the

desired cointegrating vector to be found.

As previously indicated, parameter estimation is achieved by maximizing the

likelihood of observing the correct εi. If εi ∼ N(0, [Σ])), its probability density

function will be

p(εi) =
1√

((2π)n|Σ|))
exp

(
1

2
εTi Σ−1ε

)
(4.14)

where |Σ| is the determinant of the estimated covariance of εi. It follows that the

likelihood of observing the entire correct sequence of εi will equal ΠN
i=1 = p(εi).

On closer inspection of Equation 4.14, each individual term is bounded above by

the fractional term preceding the exponent, therefore the likelihood function is

bounded above by ((2π)n|Σ|)N/2, and so

LMAX = ((2π)n|Σ|)−N/2 (4.15)

Therefore, the maximum-likelihood parameter estimates will correspond to the

parameters that maximize |Σ|.
This point will be returned to later; however,for now, the effort will be focused

on manipulating the maximized-likelihood function in order to express all parame-

ter estimates in terms of β. Before going any further, however, following Johansen

1995, some new notation will be introduced to simplify the VECM expression

(Equation 4.11).

The best linear combination of the variables, or cointegrating vector, is found

as the parameter β in the VECM simplified model of the variable set that takes
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the form

z0i = αβT z1i + Ψz2i + εi (4.16)

where z0i = ∆yi, z1i = yi−1, z2i = [∆yTi−1,∆y
T
i−2, ...,∆y

T
i−p, D

T ]T , and Ψ =

[B1, B2, ..., Bp−1, φ] and p is model order previously found.

Referring to this simplified form the log-likelihood function L, where L() =

lnL(), is first used to estimate Ψ by calculating

∂L

∂Ψ
= 0 (4.17)

After the necessary matrix calculus and some careful rearrangement, the esti-

mate for Ψ can expressed as

Ψ̂ = M02M
−1
22 − αβTM12M

−1
22 (4.18)

where are Mmn product moment matrices defined by

Mmn =
1

N

N∑
i=1

zmiz
T
ni m,n = 0, 1 (4.19)

Substituting Equation 4.19 back into Equation 4.17, ε may now be expressed as

εi = z0i − αβT z1i −M02M
−1
22 z2i − αβTM12M

−1
22 z2i (4.20)

This expression can be further simplified by defining the residualsR0i and R1i from

the following regressions:

z0i = C1z2i +R0i

z1i = C2z2i +R1i

(4.21)

where the coefficient matrices are found by ordinary least squares:C1 = M02M
−1
22

and C2 = M12M
−1
22 . Finally, Equation 4.20 becomes

εi = R0i − αβTR1i (4.22)

εi has now been expressed in terms of the residuals of regressions of z0i and z1i on

z2i and α, β, which are still to be found. It now remains to find the maximum-

likelihood estimates of α and Σ in terms of β. Assuming a fixed β, these are found
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to be

α̂ = S01β(βTS11β)−1 (4.23)

and

Σ̂ = S00 − S01β(βTS11β)−1βTS10 (4.24)

where Smn are product moment matrices

Smn =
1

N

N∑
i=1

RmiR
T
ni m,n = 0, 1 (4.25)

The estimation of β is achieved using the previously ascertained fact that the

maximum-likelihood parameter estimates will correspond to the parameters that

maximize |Σ| (Equation 4.15). From Equation 4.24 then, the maximum-likelihood

estimate of β corresponds to the β that maximizes

|Σ| = |S00 − S01β(βTS11β)−1βTS10| (4.26)

Applying different Lemmas from Johansen 1995 transform looking for the β that

maximizes|Σ| into looking for the solution of the following eigenvalue-eigenvector

problem (the reader is sent back to Johansen 1995, Cross et al. 2011 for further

details)

(λ′iS11 − S10S
−1
00 S01)vi = 0 (4.27)

The relevant cointegrating vectors β are found solving the problem in the pre-

vious equation and it the best choice for the cointegrating vector (i.e. the one

giving the more stationary combination) corresponds to the largest eigenvalue of

Equation 4.27. The eigenvalues λi can be seen as the squared canonical correla-

tions between R0i and R1i, so between the cointegrated combinations β̂yi−1 and

a linear combination of the (stationary) differences wi∆yi−1. In other words, the

eigenvalues λi measure how strongly the cointegrated relation correlates with the

stationary part of the process. The larger the eigenvalue the ’more stationary’ the

cointegrated relation.

4.6.2 Support Vector Regression

Support Vector Machines (SVMs) are among the best ”off-the-shelf” discrimina-

tive classifiers known in the Machine Learning community. Given a set of training
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data, each labeled as belonging to a specific category (supervised learning), an

SVM training algorithm outputs a model that assigns new examples to one of

the categories, making it a non-probabilistic linear classifier. SVMs models work

on the geometric representation of points in an N -dimensional space, trying to

find the optimal hyperplane in that same space that distinctly classifies the data

points. These models can efficiently perform both linear and nonlinear classifi-

cation using what is called the kernel trick, implicitly mapping their inputs into

high-dimensional feature spaces.

SVMs solve binary classification problems by formulating them as convex op-

timization problems (Vapnik 1998). The optimization problem consists of finding

the maximum margin separating the hyperplane, while correctly classifying as

many training points as possible. Relying on the solution of a quadratic opti-

mization problem allows avoiding ’local minimum’ issues. Therefore the resulting

learning model is an optimization algorithm rather than a greedy search.

The sparse solution and good generalization of the SVM make these model

extremely suitable for regression problems. In 1997 a version of SVM for regres-

sion was presented by Drucker et al. 1997; This method is called Support Vector

Regression (SVR). The generalization of SVM to regression problems is achieved

by introducing the ε-tube, an ε-insensitive region around the function. Accord-

ingly, the objective of the training is to find the tube that best approximates the

continuous-valued function while looking at the same time for a balanced agree-

ment between the model complexity and prediction error.

Exactly as for the SVM problem, the SVR is formulated as an optimization

problem. As first step, a convex loss function is defined and minimized to find the

narrowest tube that contains most of the training instances. Hence, a multiobjec-

tive function is constructed from the loss function and the geometrical properties of

the tube. Then, the convex optimization, which has a unique solution, is solved,

using appropriate numerical optimization algorithms. The hyperplane is repre-

sented in terms of support vectors, which are training samples that lie outside the

boundary of the tube and that are the most influential instances that affect the

shape of the tube.

An N -dimensional dataset of inputs xi and outputs yi related by some func-

tion f such that y = f(x) is given. The data are assumed to be independent

and identically distributed (iid), drawn from the same unknown probability dis-

tribution function. It can be stated that the continuous-valued function f can be
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approximated by a linear superposition as follows

f(x,w) = wTx + b (4.28)

where the vector w collects the set of weights, one for each feature, whose linear

combination predicts the value of labels y.

This function approximation problem is treated as an optimization problem

that tries to find the flattest tube centered around the hyperplane, minimizing at

the same time the error between the predicted value of the function for a given

input and the actual output (prediction error). This aim is summarized by the

objective function in Equation 4.29

min
w

1

2
||w||2 (4.29)

where ||w|| represents the magnitude of the vector perpendicular to the hyper-

plane that is being approximated. The adopted loss function is ε-insensitive and

tends to penalize the predictions that are farther than ε from the desired output.

The sparsity of the solution is affected by the chosen ε since it represents the

width of the tube and consequently the tolerance level. Smaller value indicates

a lower tolerance for error and determines the numbers of support vectors in the

problem. If ε decreases, the boundary of the tube is shifted inward. Therefore,

more datapoints are around the boundary, which indicates more support vectors.

Similarly, increasing ε will result in fewer points around the boundary. Because

it is less sensitive to noisy inputs, the ε-insensitive region makes the model more

robust.

There is no unique loss function that could be adopted. Linear (Equations

4.30), quadratic (Equations 4.31), and Huber (Equations 4.31) ε are all reason-

able choices. The Huber loss function is smoother than the linear and quadratic

functions, but it penalizes all deviations from the desired output, with greater

penalty as the error increases. The information that drive the user towards the

correct choice of loss function are: the noise distribution affecting the data sam-

ples, the model sparsity sought, and the training computational complexity. Even

if, both symmetrical and asymmetrical loss functions can be adopted, the loss

functions should be convex (like the tree example presented) to ensure that the

optimization problem has a unique solution that can be found in a finite number
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of steps.

Lε(y, f(x,w)) =

0 if |y− f(x,w)| ≤ ε

|y− f(x,w)| − ε, else
(4.30)

Lε(y, f(x,w)) =

0 if |y− f(x,w)| ≤ ε

(|y− f(x,w)| − ε)2, else
(4.31)

L(y, f(x,w)) =

c|y− f(x,w)| − c2

2
if |y− f(x,w)| > c

1
2
|y− f(x,w)|2, if |y− f(x,w)| ≤ c

(4.32)

Adopting a soft-margin approach similar to that employed in SVM, slack vari-

ables {ξ∗i },{ξi} can be added to guard against outliers. These variables determine

how many points can be tolerated outside the tube.

Considering a linear loss function (Equation 4.30) the optimization problem

assumes the expression in Equation 4.33; where C is a regularization term, a

tunable parameter that gives more weight to minimizing the flatness, or the error.

Larger values of C give more weight to minimizing the error. This constrained

quadratic optimization problem can be solved by finding the Lagrangian (Equation

4.36). The Lagrange multipliers, or dual variables, are λ, λ∗, α, α∗ and are

nonnegative real numbers.

min
1

2
||w||2 + C

N∑
i=1

ξ∗i + ξi, (4.33)

Subject to the following constraints:

ξi, ξ
∗
i ≥ 0 i = 1, · · · , N (4.34)

yi − wTxi ≤ ε+ ξ∗i i = 1, · · · , N
wTxi − yi ≤ ε+ ξi i = 1, · · · , N

(4.35)

L(w, ξ∗, ξ, α∗, α, C∗, γ∗, γ) = 1
2
||w||2 +

∑N
i=1(ξ∗i + ξi) +

∑N
i=1 α

∗
i [yi − wTxi − ε− ξ∗i ]

+
∑N

i=1 αi[−yi + wTxi − ε− ξi]−
∑N

i=1(γ∗i ξ
∗
i + γiξi)

(4.36)

The minimum of Equation 4.36 is found by taking its partial derivatives with

respect to the variables and setting them equal to zero (Equation 4.37). The
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partial derivatives with respect to the Lagrange multipliers return the constraints

(Equation 4.37).
δL
δw

= w −
∑N

i=1(α∗i − αi)xi = 0
δL
δξ∗i

= C − γ∗i − α∗i = 0
δL
δξi

= C − γi − αi = 0
δL
δγ∗i

=
∑N

i=1 ξ
∗
i ≤ 0

δL
δγi

=
∑N

i=1 ξi ≤ 0
δL
δα∗
i

= yi − wTxi − ε− ξ∗i ≤ 0
δL
δαi

= yi − wTxi − ε− ξi ≤ 0

(4.37)

α∗i (yi − wTxi − ε− ξ∗i ) = 0

αi(yi − wTxi − ε− ξi) = 0

γ∗i ξ
∗
i = 0 ∀i

γiξi = 0

(4.38)

w =

NSV∑
i=1

(α∗i − αi)xi (4.39)

The product of the Lagrange multipliers and the constraints is equal to zero

(Equation 4.38). The Lagrange multipliers that are equal to zero correspond to

data inside the tube, whereas the support vectors have nonzero-valued Lagrange

multipliers. The solution is written in terms of the support vector onlyhence, the

solution sparsity. The function approximation is represented in (Equation 4.40).

By replacing Equation 4.37 in Equation 4.36, the dual form of the optimization

problem can be written as shown in Equation 4.41.

f(x) =

NSV∑
i=1

(α∗i − αi)xTi x, αi, α∗i ∈ [0, C] (4.40)

maxα,α∗ − ε
NSV∑
i=1

(α∗i − αi)yi −
1

2

NSV∑
j=1

NSV∑
i=1

(α∗i − αi)(α∗j − αj)xixj, (4.41)

subject to
NSV∑
i=1

(α∗i − αi) = 0, αi, α
∗
i ∈ [0, C] (4.42)

At the beginning of this section, the weights vector w was augmented with the
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scalar b, and the derivation of the SVRs mathematical formulation was carried

out, disregarding the explicit computation of b (Equation 4.28). However, b could

have been calculated from the KKT conditions, as shown next. Training data that

belong to the outside of the boundary of the tube will have nonzero αi or a α∗i ; they

cannot both be zero, because that would mean that the instance (xi, yi) belongs to

the lower and upper boundary, which is not possible. Therefore, the correspond-

ing constraints will be satisfied with equality, as demonstrated in Equation 4.43.

Furthermore, because the point is not outside the tube, xi = 0 , leading to the

result in Equation 4.44 when α ∈ (0, C). Equation 4.45 computes b. Performing

the same analysis for α∗i ,one gets Equations 4.46 and 4.47.

yi − wTxi − b− ε− ξi = 0 (4.43)

yi − wTxi − b− ε = 0 (4.44)

b = yi − wTxi − ε = 0 (4.45)

−yi + wTxi − b− ε = 0 (4.46)

b = −yi + wTxi − ε = 0 (4.47)

The previous section dealt with data in the feature space, assuming f(x) is linear.

For non linear functions, the data can be mapped into a higher dimensional space,

called kernel space, to achieve a higher accuracy, using kernels that satisfy Mercers

condition.

Therefore, replacing all instances of x in Equations 4.28−4.47 with k(xi, xj)

yields the primal formulation shown in Equation 4.48, where φ(.) is the trans-

formation from feature to kernel space. Equation 4.50 describes the new weight

vector in terms of the transformed input. The dual problem is represented in

Equation 4.50, and the function approximation f(x) is in Equation 4.51, where

k(., .), the kernel, is as illustrated in Equation 4.52.

min
1

2
||w||2 + C

N∑
i=1

ξ∗i + ξi, (4.48)
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Subject to the following constraints:

ξi, ξ
∗
i ≥ 0 i = 1, · · · , N

yi − wTφ(xi) ≤ ε+ ξ∗i i = 1, · · · , N
wTφ(xi)− yi ≤ ε+ ξi i = 1, · · · , N

(4.49)

w =

NSV∑
i=1

(α∗i − αi)φ(xi) (4.50)

maxα,α∗ − ε
∑NSV

i=1 (α∗i − αi)yi − 1
2

∑NSV
j=1

∑NSV
i=1 (α∗i − αi)(α∗j − αj)k(xi, xj),

αi, α
∗
i ∈ [0, C], i = 1, ..., NSV ,

∑NSV
i=1 (α∗i − αi) = 0

(4.51)

f(x) =

NSV∑
i=1

(α∗i − αi)k(xi, x) (4.52)

4.6.3 Relevance Vector Machine

Relevance Vector Machine (RVM) is a kernel-based approach for classification

and regression formulated by Tipping 2001. The SVM combines an excellent

generalization property with a sparse kernel representation, but it suffers from

several disadvantages: the predictions are not probabilistic; there is a requirement

to estimate hyperparameters (a trade-off parameter, insensitive parameter et al.);

there is a need to use ”Mercer” kernel functions.

The RVM conserves the sparseness capacity and retains the excellent predic-

tive performance of the SVM but it does not suffer from any of above limitations.

The RVM adopts a Bayesian approach to learning, where a prior over the weights

is introduced (governed by a set of hyperparameters), that is the most probable

resulting from iterative process on the set of data. In this way, sparsity is achieved

since the posterior distribution of many of the weights are peaked around zero.

The remained non-zero weights are the so called ”relevance vectors”, in defer-

ence to the principle of automatic relevance determination which motivates the

presented approach. However RVMs use an expectation maximization (EM)-like

learning method and are therefore at risk of local minima. This is unlike the

standard sequential minimal optimization (SMO)-based algorithms employed by

SVMs, which are guaranteed to find a global optimum (of the convex problem).
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Given again a data set of predictor variables and targets, xi and yi respectively,

we follow the standard probabilistic formulation and assume p(y|x) is Gaussian

N (y|f(x), σ2).

For the Relevance Vector Machine the mean of this distribution, is modeled

for a given x by the following equation,

f(x,w) = wTk(x,xi) + w0 (4.53)

while the likelihood is calculated as,

p(y|w, σ2) = (2πσ2)−N/2 exp{− 1

2σ2
||y− Φw||2} (4.54)

where y is the vector of the N target, w is the weight vector and Φ is a matrix

of dimension N × (N + 1) called ”design matrix” where each terms is defined

as Φij = k(xi, xj) and Φn1 = 1. In general the estimate of w and σ2 from the

previous equation leads to strong overfitting, so it is preferred to use smoother and

less complex functions by defining an automatic relevance determination Gaussian

prior over the weights,

p(w|α) =
N∏
i=0

N(wi|0, α−1
i ) (4.55)

where α is a vector with N +1 hyperparameters. So it is important to notice that

there is an individual hyperparameter for every weight: this is the fundamental

feature of the model and is responsible for the model sparsity properties. The

posterior over the weights is given by Bayess rule,

p(w|y,α, σ2) = (2π)−(N+1)/2|Σ|−1/2 exp{−1

2
(w− µ)TΣ−1(w− µ)} (4.56)

where the posterior covariance and mean are respectively:

Σ = (ΦTBΦ + A)−1 (4.57)

µ = ΣΦTBy (4.58)

A is a matrix which has the N α on the diagonal and B = sσ−2IN . Also σ2 is

considered an hyperparameter which must be estimated from the data set. By

integrating out the weights, one can achieve the marginal likelihood, or evidence
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for the hyperparameters:

p(y|α, σ2) = (2π)−(N)/2|B−1 + ΦA−1ΦT |−1/2e−
1
2

(t(B−1+ΦA−1ΦT )t) (4.59)

The key feature of this approach is that as well as offering good generalization

performance, the inferred predictors are exceedingly sparse in that they contain

relatively few non-zero wi parameters. The majority of parameters are automati-

cally set to zero during the learning process, giving a procedure that is extremely

effective at discerning those basis functions which are ’relevant’ for making good

predictions.

4.7 Numerical Application

Cantilever Beam

Model : The simulated system tested in this section is a steel cantilever beam

(Figure 4.1), modeled according to the common Euler-Bernoulli’s theory of the

beam. In the analysis the system is framed in ne subelements (Figure 4.2) and the

nodes are numbered in ascending order, so that the node closest to the constraint is

labeled as 1. The energy dissipation properties of the system are modeled through

the Rayleigh damping mechanism. The material chosen for the beam is steel and

the mechanical and geometric properties assigned to the beam are reported in

Table (4.1)

L
W

H

Figure 4.1: 3D view of the cantilever beam.
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Table 4.1: Mechanical and geometric properties of the beam.

Mechanical

Property

Symbol Value

Length L[m] 5

Section Height H[m] 0.3

Section Base W[m] 0.3

Young’s Modulus E[GPa] 210

Volume Density ρ[
kg

m3
] 8000

(a) (b) (c)

Figure 4.2: cantilever beam:(a) continuous model, (b) discretized model and (c)
view of the damaged element

Temperature influence: The mechanical parameters are considered to be temperature-

dependent and it is well known that thermal expansion and Young’s modulus vary

linearly within the range of normal ambient temperature (Yuen and Kuok 2010).

Let α and β be the thermal coefficients for expansion and Young’s modulus, re-

spectively. In the normal range of temperature, the length and Young’s modulus

of the beam at temperature T can be expressed as

L = L0(1 + α∆T ) (4.60)

E = E0(1 + β∆T ) (4.61)

where L0 and E0 are the length and Young’s modulus, respectively, at 0 .

Therefore, the area and the second moment of inertia follow similar relationships:

A = A0(1 + α∆T )2 (4.62)

I = I0(1 + α∆T )4 (4.63)

where A0 and I0 are the corresponding beam and material properties at 0 .

Typical values of α and β for steel are 1.2×10−5/C and −3.2×10−4/C respectively.
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Signal processing: Two different analysis are carried on. An initial group of

realizations is generated to compare the level of sensitivity of CCs towards tem-

perature with the one related to the damage. Next a second group of tests is

conducted, in which the temperature varies almost continuously for each realiza-

tion, affecting the beam initially in undamaged conditions and then in damaged

ones.

In each realization the acceleration response to a white Gaussian noise input

is simulated. The input time history, of mean 0 and standard deviation 1, is 2

minutes long with sampling frequency of 200 Hz and it is applied at the ending

node of the beam. The acceleration response of the system is simulated applying

the Newmark integration approach.

The simulated response data are further standardized and normalized prior to

being used for feature extraction:

xnormalized[n] =
x[n]− x̄
σx

(4.64)

where x[n] is the original signal, x̄ its mean and σx its standard deviation. The

normalization procedure is performed on each frame.

Feature Extraction: Before applying the extraction procedure discussed in Sec-

tion 3.1.1, the number of triangular filters must be selected with the value for the

cutoff frequency. The number of filters can be set according to the Fraile et al.

criterion presented in the Section 3.1.1 (Fraile Muñoz et al. 2008), since the sam-

pling frequency adopted to simulate the system response is equal to 200 Hz, M is

set to 15 for both the set of analysis. Consequently, as mentioned in Section 3.1.1,

the number of selected CCs (D − 1) is chosen equal to the number of frequency

bands M .

Then the cutoff frequency is set looking at the average spectrum (Figure 4.3);

in both the analysis conducted the value is set to 80 Hz, since the entire energy

content is between 0 Hz and 80 Hz. However in the sensitivity analysis the results

are compared with the ones obtained setting the cutoff frequency equal to 8 Hz, in

order to observe the results in two different spatial configuration of the triangular

filters (Figure 4.4).
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Figure 4.3: Average Spectrum.

(a)

(b)

Figure 4.4: Frequency Warping: (a) fc = 8Hz, (b) fc = 80Hz

At the end of the extraction process, for each sensor and each realization, a

matrix C of dimension D×Nframes is computed, which collects the vectors of CCs
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for each frame. Then, in order to have only one vector of CCs for each realization

coming from the single sensor, the extracted matrix is averaged over the frames.

4.7.1 Sensitivity of Cepstral Coefficients

In this test the beam is discretized in 10 subelements and about the system vibra-

tion response, no additional noise is taken into account to simulate measurement

noise. Seven different scenario are performed considering temperature variation

with the beam in undamaged conditions (Table 4.2), while for the damage status,

four damage conditions are simulated introducing an increasing reduction of the

stiffness of the 5th subelement (Table 4.2).

Table 4.2: Damage and Undamage scenarios.

Condition Temperature Damaged

Element

Damage

� n %

Undamaged(U1) -30 (T1) - -

Undamaged(U2) -20 (T2) - -

Undamaged(U3) -10 (T3) - -

Undamaged(Reference) 0 (T4) - -

Undamaged(U5) 10 (T5) - -

Undamaged(U6) 20 T6) - -

Undamaged(U7) 30 (T7) - -

Damaged(D1) 0 (T4) 5 5

Damaged(D2) 0 (T4) 5 10

Damaged(D3) 0 (T4) 5 15

Damaged(D4) 0 (T4) 5 20

Figure 4.5 shows the percentage variation of the first six CCs with respect to

the corresponding parameters in the reference condition for each sensor, in the un-

damaged conditions. The behavior of the CCs is perfectly symmetric with respect

to the temperature variation from -30°C up to +30°C in both choices of cutoff

frequency, showing a robustly linear behavior of CCs with respect to temperature

when the structure is linear. The magnitude of these variations, instead, changes

within the choice of the cutoff frequency. There is no common trend within the
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variations of the different coefficients in the two cases; this happens because chang-

ing the cutoff frequency, the spatial configuration of the filters changes and the

frequency bands happen to work on different areas of the spectra in the two con-

figurations. However it is possible to compare the first Cepstral Coefficient in the

two cases, because it is the only coefficient proportional to the energy content of

the all spectrum. For this coefficient can be noticed, then, that the magnitude

of the variations decreases choosing 80 Hz as cutoff frequency, for all the sensors,

because in this configuration the filters are not catching properly the frequency

content corresponding to the structural frequencies (Figure 4.4b). On the other

hand the configuration related to the cutoff frequency equal to 8 Hz presents the

vertex of three filters matching exactly the structural frequencies (Figure 4.4a) and

then the energy frequency content of the system is entirely taken into account.

In Figure 4.6 the same results are presented considering also the addition of

the four damage scenarios. In the D3 and D4 cases, the variations due to damage

are consistently higher than the variations due to the temperature changes, in

all sensors and for all CCs. This happens to be true for both the choices of

cutoff frequency, meaning that, even in the worst warped spectrum scenario, these

coefficients are able to clearly distinguish damage from temperature effects, when

the damage scenario starts to be important. Setting the cutoff frequency equal

to 80 Hz, instead, leads to uncertainties in some sensors and for some coefficients

regarding the D2 condition. The first D1 scenario is always not well discriminated

in both cases.

4.7.2 Novelty detection

In this section, two different set of simulations are run for the cantilever beam: a

set of 4500 simulations considering the system in its healthy state and another set

of 3600 tests in which the beam is damaged. The damage condition is simulated

introducing a reduction of 10 % of the stiffness of the 6th subelement (Figure 4.2).

Each realization, both in the undamaged or damaged conditions, corresponds to

a specific value of temperature in between -5 C and +30 C. In these group of

analysis the beam is discretized in 20 elements. The system is subjected to a

white Gaussian noise input, which in this case is applied in order to suppress the

first structural frequency (about 1.5 Hz) of the beam and create a scenario in

which not all the structural frequency information are visible in the spectrum.
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(a) fc = 8Hz

(b) fc = 80Hz

Figure 4.5: Variation of CCs in undamaged conditions with respect to the reference
scenario 109
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(a) fc = 8Hz

(b) fc = 80Hz

Figure 4.6: Variation of CCs in damaged conditions with respect to the reference
scenario
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Figure 4.7: Average Spectrum for the first frame

To simulate the effects of measurement noise, 10 % RMS white Gaussian noise is

added to the simulated response.

As previously mentioned the cutoff frequency is set looking at the frequency

energy content of the average spectrum (Figure 4.7), and in this case is set equal

to 80 Hz.

A matrix collecting the CCs time history for each sensor is extracted following

the procedure presented in Section 3.1.1. The 15 Cepstral Coefficients extracted

for the first sensor in the undamaged condition are presented in Figure 4.11. Look-

ing at the trend of the CCs (Figure 4.11) and comparing it with the simulated

variation of temperature, it can be noticed how some of the coefficients results to

be influenced by the environmental fluctuations (c1, c2, c3), while others remain

mainly stationary (c4, c6, c7). The same behavior can be observed for the coeffi-

cients computed from the time histories measured with the other 19 sensors. This

distinction arises from the nature itself of the CCs and their extraction process.

The frequency warping step, presented in Section 3.1.1, consists in the application

of a set of triangular filters to the PS of each frame and each filter is going to

weights and collects different areas of the spectra.

Looking at the log-contribute of each filter along the observations in time (Fig-

ure 4.8), it can be inferred that only some filters, related to different frequency

areas of the spectrum, carry the environmental effects, presenting a trend that

matches the temperature variation. In this study case the 5th and 8th triangular

filters collect the frequency area mainly dependent from the environmental varia-
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Figure 4.8: Terms of the log-warped spectrum over time

tion; the 10th, 12th and 13th filters are also slightly varying, while the remaining

filters are almost stationary.

The final step of the extraction process, involves the application of the Inverse

Discrete Cosine Transform to the log-warped power spectrum according to Equa-

tion 3.3. Each CC results from the multiplication of each coefficient of the IDCT

(Figure 4.9) by the terms of the log-warped spectrum. This implies that, because

of the shape itself of the IDCT coefficients, this multiplication of contributes can

highlight or delete the trend trapped in the log-warped spectrum terms. In this

study case the second coefficient of the IDCT brings up the trend carried by the

higher filters (10th, 12th and 13th) while the contributes brought by the 5th and

8th filters cancel each other in the sum (Figure 4.10). In the sixth coefficient of

the IDCT, instead, all the contributes from these filters cancel in the sum and the

resulting CC is stationary (Figure 4.10).

The CCs computed for the damaged conditions are presented in Figure 4.12

where the damage start is indicated by the vertical black line. The jump due to

the stiffness variation, even if it is only a change of 10 % in the stiffness of one

element over twenty, is clearly visible up to the coefficient c9, while it tends to

fade in the last features. In the time histories of CCs affected by the variation of

temperature, this little gap presents the same magnitude order of the fluctuations

due to temperature and because of that the damage could be hidden and not

detected. In the stationary coefficients, instead, the presence of damage clearly
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shows up.

Figure 4.9: Coefficients of the inverse discrete cosine transform (IDCT)

Figure 4.10: Application of the second and sixth coefficients of the IDCT to the
log-warped spectrum
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Figure 4.11: Time histories of Cepstral Coefficients: Undamaged Scenarios
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Figure 4.12: Time histories of Cepstral Coefficients: Damaged Scenarios
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4.7.3 Cointegration

In this section the cointegration technique is applied to remove the dependency of

Cepstral Coefficients from the environmental fluctuations, building damage sensi-

tive features that are strictly dependent only on the occurrence of damage. The

monitored variables analyzed are the CCs computed in the previous section for

the cantilever beam at sensor 1 (s1).

Before computing the cointegrating vectors, it is necessary to check which vari-

ables, presenting the same integration order, can be cointegrated. To determine

the integration order, the ADF test is initially run on the variables derived from

the single sensor. The results are given in Table 4.3, and show that almost all the

coefficient series are nonstationary at the 95% confidence level and integrated of

order one, i.e. they are I(1) series.

At this point the data set is divided into two parts: a training and test data set.

Training data are used to train the regression model, the test data set is employed

for the aim of monitoring potential system variation. The training data should

not contain any data corresponding to damage, but should as far as possible span

the range of environmental and operational variability anticipated. Considering

the behavior of CCs with temperature, data points from 1200 ∼ 1800 are selected

as training data, because this part of the data contains both large peaks and small

fluctuations caused by environmental conditions.

The selected training data are used to build the regression model and to check

its performance, the ADF test is applied again to the residuals for establishing

whether the model residual series is integrated to a lower order than the original

variables. Once this goal is achieved, one can say that the nonlinear cointegrating

relationship is established successfully, the common trends are purged, therefore,

the model residual series may be a potentially good indicator of damage induced

variations. The rest of the data set is later used for testing.

To build the regression model it is necessary to select one of the CCs as re-

gression target and use the other coefficients to fit the model on that target. It

is possible to choose among the 15 possible coefficients (coefficients c11, c14, c15

are not considered being already stationary). It is worth pointing out that it is

not obvious that, once the target coefficient is chosen ct, fitting the regression

model with all the remaining coefficients is the best choice. Here the first Cepstral

Coefficient is chosen as the target and the c4, c6, c8, c9, c10 are chosen as variables
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(Model 1).

Table 4.3: ADF Test on Cepstral Coefficients for sensor 1

CCs tp tα Stationarity Integration

Order

c1 0.0190 -1.94 NS 1

∆c1 -155.11 -1.94 S -

c2 -0.0746 -1.94 NS 1

∆c2 -153.34 -1.94 S -

c3 -0.1459 -1.94 NS 1

∆c3 -154.93 -1.94 S -

c4 -0.2307 -1.94 NS 1

∆c4 -151.97 -1.94 S -

c5 -0.3658 -1.94 NS 1

∆c5 -157.66 -1.94 S -

c6 -0.8930 -1.94 NS 1

∆c6 -150.04 -1.94 S -

c7 -0.4021 -1.94 NS 1

∆c7 -157.76 -1.94 S -

c8 -1.7486 -1.94 NS 1

∆c8 -150.40 -1.94 S -

c9 -1.8129 -1.94 NS 1

∆c9 -154.34 -1.94 S -

c10 -0.4646 -1.94 NS 1

∆c10 -153.38 -1.94 S -

c11 -7.652 -1.94 S 0

c12 -1.121 -1.94 NS 1

∆c12 -153.68 -1.94 S -

c13 -1.835 -1.94 NS 1

∆c13 -155.15 -1.94 S -

c14 -3.840 -1.94 S 0

c15 -3.247 -1.94 S 0

In this section the regression algorithms tested are the SVR and the RVM,

which having the kernel-based formulation allow to consider the nonlinear rela-
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tionship between variables. The choice between the linear solution and the non-

linear kernel-based one, highly depends on the relationship between the variables;

i.e. if they are linearly correlated, there is no need of considering the nonlinear

cointegration, while if they are nonlinearly correlated the linear formulation of

cointegration is not accurate for building the regression model. Here, the Pearson

product-moment correlation coefficients are derived to determine the level of lin-

ear dependency between the variables and the values are presented in Table 4.4.

Looking at the correlations coefficients, it is evident that the relationship between

the target coefficient and the ones that are supposed to be used to build the re-

gression model, is weakly linear. This finding can be appreciated also looking at

the plot of the target coefficient with respect to the ones used for the regression

(Figure 4.13); where it can also be appreciated, that even if nonlinearly correlated,

there is a consistent positive relation between the target coefficient and c8, c9, c10

that can be taken into account to built a linear regression model.

Therefore, it is necessary to build a nonlinear regression model to derive sta-

tionary residual. The results from these two formulations are compared with the

residuals obtained from the Johansen procedure which consider only linear rela-

tions between the cointegrated variables.

Table 4.4: ADF Test.

Target

Coefficient

Correlated Coefficients

c1 c4 c6 c8 c9 c10

0.46 0.32 0.44 0.53 0.57

Once the regression model is trained, the ADF test is performed on the training

residuals to check the robustness of the computed cointegration. The results are

listed in Table 4.5, since all ADF test statistics are smaller than the critical value

at 5% level, the residuals are considered stationary and both the linear and the

nonlinear cointegrating relationships are successfully established.
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(a) (b)

(c) (d)

(e)

Figure 4.13: Mutual relationships of the target coefficient with the related coeffi-
cients.

Table 4.5: ADF Test.

Regression

Model

Model tp tα Stationarity

Johansen Model 1 -22.64 -1.9416 S

SVM (GK) Model 1 -23.78 -1.9416 S

RVM (GK) Model 1 -23.79 -1.9416 S
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Figure 4.14: Regression of the first Cepstral Coefficient using a SVM model with
Gaussian Kernel and residuals.

Figure 4.15: Regression of the first Cepstral Coefficient using a RVM model with
Gaussian Kernel and residuals.

The prediction behaviors of the three possible models are quite similar, they all

tend to have a good fit to the data. Figure 4.14 and Figure 4.15 show the prediction

performance of the SVM and RVM regression models considering a nonlinear

kernel and the model residuals. Both the SVM and RVM models follow the trend

of the measurement data very well, predicting accurately the environmentally

induced variations in the CCs. Observing closely the residuals it can be noticed
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that they become nonstationary after the damage is introduced. The upper and

lower yellow lines represent the training residual mean plus or minus three times

the standard deviations.

Applying the Johansen procedure with the coefficients selected to build the re-

gression SVM and RVM model, result in a less pronounced alarm output, because

of the nonlinear relationship that is established between them. Although each fre-

quency is related nonlinearly to temperature and between them, which drives the

Cepstral fluctuations, some of the coefficients (although not all) are related to each

other in a more linear way, which means that the Johansen procedure can success-

fully combine them to remove their common trends. (Figure 4.16) presents the

residuals obtained using the Johansen procedure; the temperature dependency has

been correctly cleaned up, where the residuals predominantly results from a com-

bination of the eighth, ninth and tenth coefficient. However, even if the residuals

are correctly stationary in the undamaged scenario, their deviation from the mean

once the damage occurs is less clear with respect to the one obtained adopting the

nonlinear regression model.

Figure 4.16: Cointegrated residuals obtained from the Johansen procedure.

4.8 Experimental Application

Z24 Bridge

The Z24 bridge tests herein presented, have been performed in the framework of

the European Brite EuRam research project BE-3157, System Identification to

Monitor Civil Engineering Structures (SIMCES) (Roeck 2003).

The SIMCES project was born with the aim of giving a proof of feasibility for

vibration-based structural health monitoring of civil engineering structures by full-

scale, long-term tests and progressive failure tests of a representative structure,
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the Z24 Bridge. The project was coordinated by KU Leuven (Department of Civil

Engineering, Structural Mechanics Section). The other partners in the project

were: Aalborg University (Institut for Bybninbsteknik); EMPA (Swiss Federal

Laboratories for Materials Testing and Research, Concrete Structures Section);

LMS (Leuven Measurement and Systems International N.V.; Engineering and

Modeling); WS Atkins Consultants Ltd (Science and Technology); Sineco Spa

(Ufficio Promozione e Sviluppo); Technische Universitt Graz (Structural Concrete

Institute).

4.8.1 Bridge Description

Figure 4.17: Views of the Z24 bridge.

The Z24 bridge was a post-tensioned concrete two-cell box-girder bridge located

in Switzerland, in the canton Bern near Solothurn. It was built in 1963 and it

connected the villages of Koppigen and Utzenstorf, over-passing the A1 highway

between Bern and Zrich. The bridge presented a main span of 30 m and two

side spans of 14 m (Figure 4.18).The bridge was built as a freestanding frame

with the approaches backfilled later. Both abutments consisted of triple concrete

columns connected with concrete hinges to the girder. Both intermediate supports

were concrete piers clamped into the girder. An extension of the bridge girder at

the approaches provided a sliding slab. The bridge was slightly skew because

all supports were rotated with respect to the longitudinal axis. The bridge was

demolished at the end of 1998, because a new railway next to the highway required

a bridge with a larger side span.(Reynders and Roeck 2009)
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Figure 4.18: Bridge section and plan view.

A year before the demolition, a long-term environmental monitoring system

(EMS) was installed and the bridge was monitored from 11 November 1997 till

11 September 1998. The final goal of this monitoring test was to provide both

environmental and the response vibration data of the bridge, in order to subse-

quently quantify the contribution of the environmental fluctuations in the bridge

dynamics.

The EMS consists in the installation of different sensors to measure different

environmental parameters: air temperature, air humidity, rain true or false, wind

speed, and wind direction. Also a sensor consisting of two inductive loops was

installed to detect the presence of vehicles on the bridge. Particular attention

was given to the temperature measurements. At the middle of the three spans,

the temperature was measured at eight points on the girder: at the center of the

north (TWN), central (TWC), and south (TWS) web; below the north (TSWN)

and south (TSWS) sidewalk; at the top (TDT) and soffit (TDS) of the deck, and

at the soffit (TS) of the girder (Figure 4.20). The soil temperature near each of

the concrete columns at the approaches was monitored, as well as that near the

north, central, and south parts of the intermediate piers (12 sensors in total).

Although the original blueprints of the Z24 bridge indicated that the asphalt layer

should have a thickness of 5 cm, the drilling of access holes for the installation

of the temperature sensors on the girder revealed a cover of 1618 cm of asphalt.

Therefore, the temperature of the pavement (TP) was measured at the middle of
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the three spans (Figure 4.20).

Figure 4.19: Sensors location.

Figure 4.20: Position of the temperature sensors.

To monitor the bridge dynamics, 16 accelerations have been measured on the

bridge at different points and in different directions. Every hour, 10 scans of

environmental data, sampled at 48 sensors, and 8 averages of 8192 acceleration

samples, taken at 16 sensors, were collected and stored to a hard disk after com-

pression.

A series of progressive damage tests have been carried out during the summer

of 1998, shortly before complete demolition of the bridge. For a full description

of all damage scenarios, instrumentation and safety considerations, refer Krämer

et al. 1999. The first 17 scenarios are summarized in Table (4.6). The practical

significance of these tests was ensured by checking that they were relevant for the

safety of the bridge and that the simulated damage occurred frequently.
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Before and after each applied damage scenario, the bridge was subjected to

a forced and an ambient operational vibration test. With a measurement grid

consisting of a regular 3×45 grid on top of the bridge deck and a 2×8 grid on each

of the two pillars, 291 degrees of freedom have been measured: all displacements

on the pillars, and mainly vertical and lateral displacements on the bridge deck.

Because the number of degrees of freedom to be measured exceeded the number

of available accelerometers and acquisition channels, the data were collected in

nine setups using five reference channels. The forced excitation was applied by

two vertical shakers, placed on the bridge deck. A 1 kN shaker was placed on

the middle span and a 0.5 kN shaker was placed at the Koppigen side span. The

shaker input signals were generated using an inverse fast Fourier transform (FFT)

algorithm, resulting in a fairly flat force spectrum between 3 and 30 Hz. After

scenario 8, a drop weight test was also performed, using a device that allowed to

drop a mass of up to 120 kg from a height of up to 1 m in a controlled way. The

applied shaker and drop weight forces were periodic with eight periods.

Figure 4.21: Damage scenarios.
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Table 4.6: Damage Scenarios on Z24.

] Date Scenario

1 04/08/1998 Undamaged condition

2 09/08/1998 Installation of pier settlement

system

3 10/08/1998 Lowering of pier, 20 mm

4 12/08/1998 Lowering of pier, 40 mm

5 17/08/1998 Lowering of pier, 80 mm

6 18/08/1998 Lowering of pier, 95 mm

7 19/08/1998 Lifting of pier, tilt of foundation

8 20/08/1998 New reference condition

9 25/08/1998 Spalling of concrete at soffit, 12 m2

10 26/08/1998 Spalling of concrete at soffit, 24 m2

11 27/08/1998 Landslide of 1 m at abutment

12 31/08/1998 Failure of concrete hinge

13 02/09/1998 Failure of 2 anchor heads

14 03/09/1998 Failure of 4 anchor heads

15 07/09/1998 Rupture of 2 out of 16 tendons

16 08/09/1998 Rupture of 4 out of 16 tendons

17 09/09/1998 Rupture of 6 out of 16 tendons

Signal processing: A total of 65536 samples was collected at a sampling rate of

100 Hz, using an antialiasing filter with a 30-Hz cutoff frequency. The simulated

response data are standardized and normalized prior to being used for feature

extraction:

xnormalized[n] =
x[n]− x̄
σx

(4.65)

where x[n] is the original signal, x̄ its mean and σx its standard deviation. The

normalization procedure is performed on each frame.

Feature Extraction: Before applying the extraction procedure discussed in Sec-

tion 3.1.1, the number of triangular filters must be selected with the value for the

cutoff frequency. The number of filters can be set according to the Fraile et al.

criterion presented in the Section 3.1.1, since the sampling frequency adopted to

simulate the system response is equal to 100 Hz, M is set to 13. Then the cutoff

frequency is set equal to 20 Hz.
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Figure 4.22: Frequency Warping.

At the end of the extraction process, for each sensor and each realization, a

matrix C of dimension D×Nframes is computed, which collects the vectors of CCs

for each frame. Then, in order to have only one vector of CCs for each realization

coming from the single sensor, the extracted matrix is averaged over the frames.

Figure 4.23: First three CCs extracted for sensor 5.
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Figure 4.24: Cepstral Coefficients with and without moving average.

Figure 4.25: Temperature observations and examples of Cepstral Coefficients for
different sensors.
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The coefficients extracted from the Z-24 bridge acceleration measurements are

noisy and their variability is quite high (Figure 4.23), nevertheless it is possible

to underline some trends in the data. In order to overcome this variability a

simple moving average is introduced (Figure 4.24) and the averaged coefficients

are adopted as the new features. This procedure is implemented considering 20

samples as the number of previous data points to be used in conjunction with

the current data point when calculating the moving average. Then the features

processed adopting this technique are used as damage sensitive features.

4.8.2 Cointegration

In this section the cointegration technique is applied to remove the dependency of

Cepstral Coefficients from the environmental fluctuations, building damage sensi-

tive features that are strictly dependent only on the occurrence of damage. The

monitored variables analyzed are the CCs computed in the previous section for

the Z-24 bridge, considering each sensor separately.

Before computing the cointegrating vectors, it is necessary to check which vari-

ables, presenting the same integration order, can be cointegrated. To determine

the integration order, the ADF test is initially run on the variables derived from

the single sensor. The results are given in Table (4.7), and show that almost all

the coefficient series are nonstationary at the 95% confidence level and integrated

of order one, i.e. they are I(1) series.

At this point the data set is divided into two parts: a training and test data set.

Training data are used to train the regression model, the test data set is employed

for the aim of monitoring potential system variation. The training data should

not contain any data corresponding to damage, but should as far as possible span

the range of environmental and operational variability anticipated. Considering

the behaviour of CCs with temperature, data points from data point 1700 ∼ 2500

are selected as training data, for the reason that this part of the data contains

both large peaks and small fluctuations caused by environmental conditions.

The selected training data are used to build the regression model and to check

its performance, the ADF test is applied again to the residuals for establishing

whether the model residual series is integrated to a lower order than the original

variables. Once this goal is achieved, one can say that the nonlinear cointegrating

relationship is established successfully, the common trends are purged, therefore,
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the model residual series may be a potentially good indicator of damage induced

variations. The rest of the data set is later used for testing.

Table 4.7: ADF Test (Sensor 5&7).

CCs tp tα Stationarity I ()

s5 s7 s5 s7 s5 s7

c1 -1.84 -1.32 -1.94 NS NS

∆c1 -9.59 -10.92 -1.94 S S 1 1

c2 -1.62 -1.23 -1.94 NS NS

∆c2 -9.67 -18.61 -1.94 S S 1 1

c3 -2.18 -1.32 -1.94 S NS

∆c3 - -10.56 -1.94 - S 0 1

c4 -2.73 -1.96 -1.94 S S

∆c4 - - -1.94 - - 0 0

c5 -1.63 -1.24 -1.94 NS NS

∆c5 -12.57 -12.33 -1.94 S S 1 1

c6 -1.72 -2.37 -1.94 NS S

∆c6 -9.11 - -1.94 S - 1 0

c7 -0.98 -1.27 -1.94 NS NS

∆c7 -12.33 -12.87 -1.94 S S 1 1

c8 -1.07 -0.65 -1.94 NS NS

∆c8 -9.76 -21.39 -1.94 S S 1 1

c9 -0.93 -2.16 -1.94 NS S

∆c9 -11.80 - -1.94 S - 1 0

c10 -1.67 -0.84 -1.94 NS NS

∆c10 -8.17 -15.05 -1.94 S S 1 1

c11 -1.54 -0.76 -1.94 NS NS

∆c11 -11.36 -12.08 -1.94 S S 1 1

c12 -1.17 -1.41 -1.94 NS NS

∆c12 -10.06 -13.77 -1.94 S S 1 1

c13 -0.78 -0.98 -1.94 NS NS

∆c13 -9.17 -10.82 -1.94 S S 1 1

To build the regression model it is necessary to select one of the CCs as re-

gression target and use the other coefficients to fit the model on that target. It
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is possible to choose among the 13 possible coefficients (coefficients c3, c4 are not

considered for sensor 5 and coefficients c4, c6 and c9 are not considered for sensor

7 because they are stationary). It worths pointing out that it is not obvious that,

once the target coefficient is chosen ct, fitting the regression model with all the

remaining coefficients is the best choice. Here the first Cepstral Coefficient is cho-

sen as the target for both sensors, while the c5, c7, c9, c13 are chosen as variables

for sensor 5 (Model 1) and c3, c5, c9, c11 are chosen as variables for sensor 7 (Model

2).

In this section the regression algorithms tested are the SVR and the RVM,

which having the kernel-based formulation allow to consider the nonlinear rela-

tionship between variables. The choice between the linear solution and the non-

linear kernel-based one highly depends on the relationship between the variables;

i.e. if they are linearly correlated, there is no need of considering the nonlinear

cointegration, while if they are nonlinearly correlated the linear formulation of

cointegration is not accurate for building the regression model. Studying the cor-

relation coefficients derived for the variables involved in the two models (Table 4.8

and Table 4.9) it can be noticed that, while for the first model (sensor 7), there

are some coefficients that can be considered linearly correlated with the target

coefficient (c3, c9 and c10), the same can’t be stated for the second model, where

almost all the coefficients (except for c6) show a nonlinear correlation with the

target coefficient. This finding allows to build for the first regression model, both

a linear and nonlinear relationship, while for the second model, there is room only

for the nonlinear option.

The results obtained with SVM and the RVM models are compared with the

residuals obtained from the Johansen procedure which consider only linear rela-

tions between the cointegrated variables.

Table 4.8: Correlation Coefficients between the target coefficient and the regression
ones for sensor 7.

Target

Coefficient

Correlated Coefficients

c1 c3 c5 c9 c11

0.95 0.36 0.74 0.70
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Table 4.9: Correlation Coefficients between the target coefficient and the regression
ones for sensor 5.

Target

Coefficient

Correlated Coefficients

c1 c5 c6 c7 c9 c13

0.52 0.14 0.69 0.29 0.14

Once the regression model is trained, the ADF test is performed on the training

residuals to check the robustness of the computed cointegration. The results are

listed in Table 4.10, since all ADF test statistics are smaller than the critical value

at 5% level, the residuals are considered stationary and the nonlinear cointegrating

relationships are successfully established.

Table 4.10: ADF Test.

Regression

Model

Model ADF

statistic(5%

level)

5% critical

value

Stationarity

SVM (LK) Model 1 -3.32 -1.94 S

RVM (LK) Model 1 -5.31 -1.94 S

SVM (GK) Model 1 -4.00 -1.94 S

RVM (GK) Model 1 -4.79 -1.94 S

SVM (GK) Model 2 -5.42 -1.94 S

RVM (GK) Model 2 -4.25 -1.94 S

The prediction behaviors of the four possible models are quite similar, they

all tend to have a good fit to the data. Figure 4.26, Figure 4.27, Figure 4.28 and

Figure 4.29 show, respectively, the prediction performance of the SVM and RVM

regression models considering a linear and nonlinear kernel and the model resid-

uals, for the Cepstral measured at the seventh sensor. Both the SVM and RVM

models follow the trend of the measurement data very well; the environmentally

induced variations are also well predicted. It can be noticed that, also the linear

regression models built with SVM and RVM lead to very good results, comparable

to the ones obtained using the nonlinear model. This outcomes is justified by the

fact that the target coefficient is linearly related to the third coefficient and weakly
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linearly related also to the ninth and eleventh indicators. This finding allows the

Johansen procedure to successfully combine them to remove their common trends,

even considering a linear regression model. The damage is correctly identified in

all the plots; however, the ’damage’ condition seems to be detected earlier with

respect to the actual introduction of damage. Similar detection results can be

found in Peeters and De Roeck 2001, the similar sudden frequency drop was in-

terpreted in terms of a possible increase of mass of the bridge due to some heavy

trucks standing on it. The residuals coming from the application of the Johansen

procedure take advantage of the same linearly relations between the coefficients

that helped building the linear regression model for SVM and RVM. Therefore, the

damage is correctly identified and the dependency from temperature fluctuation

efficiently removed.

Figure 4.26: Regression of the first Cepstral Coefficient SVM model with Linear
Kernel (sensor 7).
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Figure 4.27: Regression of the first Cepstral Coefficient SVM model with Gaussian
Kernel (sensor 7).

Figure 4.28: Regression of the first Cepstral Coefficient SVM model with Linear
Kernel (sensor 7).
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Figure 4.29: Regression of the first Cepstral Coefficient SVM model with Gaussian
Kernel (sensor 7).

Figure 4.30: Cointegrated residual obtained from the Johansen procedure (sensor
7).

Figure 4.31 and Figure 4.32 show the results, for sensor 5, in terms of regression

model and residuals obtained building a nonlinear model with SVM and RVM

respectively. The chosen target coefficient, happens to be almost independent

from the temperature fluctuation, which makes the application of the cointegration

technique, unnecessary, at least for normalizing the coefficient with respect to the

temperature fluctuation. Here the methodology is applied to keep the consistency

in the computation of the residuals, which result to be correctly stationary in

undamaged conditions and then deviate from the mean once the damage occurs.

Even in this case, the damage conditions seems to appear earlier than expected

and the cause can be identified as the same of the previous study case.
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Figure 4.31: Regression of the first Cepstral Coefficient SVM model with Gaussian
Kernel (sensor 5).

Figure 4.32: Regression of the first Cepstral Coefficient SVM model with Gaussian
Kernel (sensor 5).

136



Chapter 4. Temperature Sensitivity of Cepstral Coefficients and
Cointegration-based Removal Approach

Figure 4.33: Cointegrated residual obtained from the Johansen procedure (sensor
5)

It is worth noticing that the simple monitoring of the target coefficient, when it

does not depend from the temperature fluctuations, can lead to the identification

of damage with a high degree of confidence, as shown in Figure 4.34, without any

additional manipulation of the dataset. Here the values of mean and standard

deviation are set considering the same training range adopted for building the

regression model. The coefficient can be considered with a stationary behavior in

the undamaged condition and then increases when the artificial deterioration is

introduce.

Figure 4.34: Time serie of the target coefficient.

4.9 Conclusions

Econometricians understand nonstationarity in terms of trends, stationary and dif-

ference stationary processes. This chapter argued that neither approach might be

philosophically suited for SHM feature variables. However, these feature variables

do mimic the behavior of difference stationary processes, for which the Johansen

procedure was developed for. With this in mind, no problems should arise by

applying the theory presented in the previous chapter to SHM data.
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The environmental dependency of Cepstral Coefficients from temperature was

investigated. Then, the possibility of using linear and nonlinear cointegration

technique was explored in this chapter, to remove environmental trends from the

Cepstral Coefficients and build robust DSFs.

Nonlinear cointegration is necessary when feature variables are nonlinearly

related, as usually happen in SHM problems. This chapter explored how one

might attempt to nonlinearly combine feature variables to create useful diagnostic

tools in the face of changing environmental and operational conditions. The ideas

followed are based on multinomial combinations of feature variables, and optimal

combinations are attempted using SVR and RVM models.

The second half of the chapter consists of the application of the cointegration

technique to data obtained from two study cases. Initially, a numerically simulated

cantilever beam is addressed. In this case, CCs were extracted and investigated,

showing their robustness towards environmental trends and also their ability to

detect small damages. Later, the Z-24 bridge study case was examined. The pro-

posed methodology was able to remove environmental and operational trends from

Cepstral Coefficients. The environmentally insensitive features created were able

to successfully detect damage scenarios both in the simulated and experimental

study case.
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SHM of the Civic Tower of

Rieti

SHM approaches have been in constant evolution for decades since they need to

face structures which evolve in turn. The necessity of having monitoring sys-

tems that efficiently suit the structures they are designed for, to identify their

dynamic behavior, is currently a central topic in worldwide research. Indeed the

recent structural collapses occurred in the world pointed out the importance of

consciously control the health state of structures, particularly the ones that have

strategic importance or historic meaning. Therefore an efficient monitoring sys-

tem combined with an optimized vibration-based approach allows tracking the

dynamic response of the structure, offering the possibility to check their integrity

level continuously along with time, allowing to prevent severe damages and avoid

condition-based maintenance which, especially for cultural heritage structures is

extremely expensive.

Chapter 2 addressed an automated procedure to extract the modal parameters

with an extremely low dependency from the user’s expertise. This methodology

has great potential and offers all the right characteristics to be easily implemented

within a long-term monitoring system, providing robust modal information. On

the other hand, in Chapter 3 the Cepstral Coefficients showed to be a robust al-

ternative damage sensitive feature which can be implemented in an easy and user-

friendly methodology. The unsupervised extraction process presented in Chapter

2 and the Cepstral features described in Chapter 3 are tested in this section, using

them to carry on the structural health monitoring campaign on the Civic Tower
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located in Rieti, a town in the central region of Italy. The tower is monitored

by the research group supervised by professor Maurizio De Angelis, in the De-

partment of Structural and Geotechnical Engineering at ”Sapienza” University of

Rome.

The current trend of collecting massive amounts of data in the name of SHM

from civil structures cannot be constructive unless this data is used. At least three

years of reliable monitoring data is now available from the Civic Tower monitoring

system, which provides a unique opportunity for the development of a reliable

SHM system. The tower represents a rare study case for SHM purposes, with a

high degree of complexity, being the structure equipped with a Non-Conventional

Tuned Mass Damper for the passive control of vibrations.

5.1 Description of the Tower

The Civic Tower of Rieti is located in Piazza Vittorio Emanuele, in the historical,

civic center of Rieti and stands on the right side of the Town Hall of the city.

While the Town Hall was built in the XIII century (Figure 5.1a) and subsequently

consolidated in 1909 after the 1898 earthquake, the tower was erected in 1940

(Figure 5.1b). The tower was built along the north and east fronts of the old

(a) (b)

Figure 5.1: View of Piazza Vittorio Emanuele in an historical postcard: (a) before
the erection of the Civic Tower, (b) after the erection of the Civic Tower.

Town Hall building, while the sides facing south and west, respectively lookout on

Piazza Vittorio Emanuele and Via Pennina. The tower was part of an expansion

project of the Town Hall building assigned to the Arch. G. Battistrada and recall
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the rationalist architecture style. Due to its institutional role and its historic

value, the tower with the Town Hall unit is one of the most important buildings

in Rieti. The solution found by Arch. G. Battistrada (Figure 5.2a) was that of

(a) (b)

Figure 5.2: Civic Tower view: (a) The model of the project presented by Bat-
tistrada, (b) view of the Civic Tower nowadays.

concentrating the rooms in a tower and in a lower secondary level, being able to

integrate the architecture to the existing structure and to expand, at the same

time, the use of public spaces adjacent to the municipal building.

The Civic Tower (Figure 5.2b) is included in the building of the Town Hall of

Rieti, with two sides rigidly linked with it on the east and north side. The con-

nection between the two buildings is obtained through the floor continuity at the

second, fourth, and fifth floors and through the internal load-bearing walls. The

overall structural complex can be divided into four different blocks (Figure 5.3b),

according to the year of construction and to the different construction materials:

� block 1: it is the historic part of the Town Hall, built in the XIII century

(1200-1300) and characterized by wooden floors and masonry walls with

decreasing thickness along with the height of the structure (1.40 m at the

basement up to 0.80 m at the last level);

� block 2: this section is realized after the demolition of a part of the building

between 1930 and 1940, and it is characterized by a mixed masonry structure
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(a) (b)

Figure 5.3: Front (a) and plan (b) view of the building complex collecting the
Town Hall and the Civic Tower.

in the perimeter area and reinforced concrete in the interior; it includes the

Civic Tower;

� block 3: it is the most recent part of the Town Hall, built between 1960 and

1970, and it is entirely built with reinforced concrete columns and beams;

� block CT: it is an additional block that should be considered separately.

It comprises the top floor of the tower, characterized by the presence of

the NC TMD system, built between 2014 and 2015 as a seismic structural

improvement.

The Town Hall, excluding the Civic Tower, has a total height of 17.70 m above

ground. The first block is totally made up of masonry, with a thickness of the walls

that decrease from 1.40 m (basement) to 0.80 m (last level). The second block is

made up of masonry for the external structure with central columns in reinforced

concrete. The columns have a square section characterized by dimensions that

vary along the height from 0.85 m x 0.85 m to 0.45 m x 0.45 m. The thickness

of masonry decreases from 1.10 m to 0.80 m at the last level. The third and last

block (the most recent one) is entirely built with reinforced concrete columns and

beams. Columns have dimensions of 0.4 m x 0.4 m in plant.

The Civic Tower (Figure 5.3a) has an approximately square plan of dimensions

14.00 m x 13.70 m and an overall height of 32 m, with seven floors above ground,
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including the roof level, a level on the ground floor covered by a portico with

vaulted ceilings and a basement level.

The porch located at the ground floor is made of blocks of solid travertine

and concrete mortar within the blocks. The lofts at the underground level consist

of alternate layers of concrete tiles and slabs, while the ones at the upper levels

consist of cement rafter and hollow block slabs.

The external structure consists of masonry walls with coating blocks of traver-

tine, which present a thickness comparable with the one of the masonry section.

The thickness decreases starting from 1.00 m (first floor) up to 0.60 m (last floor).

On the inside, there is a reinforced concrete frame with four columns. The dimen-

sions of the columns vary along with the height (1.00 m x 1.00 m at the first floor

and 0.40 m x 0.40 m at the penultimate one), while the section of the beams is

fixed equal to 0.50 m x 0.50 m.

5.1.1 Non-Conventional TMD

In 2014, and a NC TMD system was installed on the Civic Tower in order to

reduce its seismic vulnerability. Both conventional and non-conventional TMDs

provide supplemental damping by inducing a vibration energy transfer from the

structural portion below the isolation system to the structural portion above the

isolation system. Unlike the conventional configuration of a TMD, which consists

in a small auxiliary mass installed ex novo on the structure to be protected, NC

TMDs, instead, are implemented by converting masses already present on the

structure into tuned masses, retaining their structural function in addition to the

control function De Angelis et al. 2012; Reggio and Angelis 2015. Not requiring

additional weight, a NC TMD has the ability to reach larger values of the mass

ratio, which has been proven to increase its seismic effectiveness and robustness

against deviations in the design parameters De Angelis et al. 2012; Reggio and

Angelis 2015. The introduction of this passive vibration control system improves

the structural performance, avoiding at the same time invasive interventions on

the bearing masonry structure and on the travertine covering.

The roof slab and the columns at the last floor (Figure 5.4a and Figure 5.5a)

were demolished (Figure 5.4b and Figure 5.5b) and a steel structure was built up,

constrained to the existing floor by four High Damping Rubber Bearing (HDRB)

isolators, at the locations of the previous concrete columns (Figure 5.4c, Figure
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(a) (b) (c)

Figure 5.4: Last floor configuration during the constructions phases of the TMD
(3D view): (a) before the intervention, (b) after the demolition of the slab, (c)
erection of the TMD.

(a) (b) (c)

(d)

Figure 5.5: Last floor configuration during the constructions phases (plan view):(a)
before the intervention, (b) after the demolition of the slab, (c) realization of the
NC TMD (Support view), (d) mass of the NC TMD.

5.5c and Figure 5.5d). This steel frame aims to support also the old roof which

plays now the role of the tuned mass in the NC TMD system, while the choice

of the isolators defines the values of stiffness and damping coefficient of the TMD
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control system. There is a 30 cm gap between the lateral walls and tuned mass

which gives room for the system displacement (Figure 5.6b). The system consists

of tubular steel beams (Figure 5.6c), with diameters of 219.1 mm and 101.6 mm

and a thickness of 5 mm, and beams HEA200 (Figure 5.6a).

(a)

(b) (c)

Figure 5.6: Non-Conventional TMD views: (a) front design view of the last floor
of the civic tower, (b) particular of the connection, (c) picture of the steel frame
at the base of the tuned mass during construction.

The rubber isolators are elastomeric seismic isolators SOMMA ISI S 400/100

and are made of alternating rubber layers and reinforcement steel plates (Figure

5.7). The rubber layers have high dissipative capacity on three levels, depending

on the dynamic modulus of the material. They are completed by outer plates

of adequate thickness for the connection with the structure (the columns). They

have a non-linear response, characterized by values of stiffness and damping that

can vary with the variation of the shearing deformation γ. For low levels of shear

deformation (γ <10 %), the shear modulus G is higher (even one order in mag-

nitude) than the one related to the seismic design conditions level of deformation

(γ=100 ÷ 150 %) and it allows to obtain a high design value of stiffness. Around

γ=100 ÷ 200 % (γ = 1.0 ÷ 2.0), The shear modulus G is constant.
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Figure 5.7: Elastomeric seismic isolators SOMMA ISI S 400/100.

5.2 FEM Model

A preliminary study of the dynamic characteristics of the Civic Tower of Rieti is

conducted on the basis of a Finite Element Model (FEM) developed through the

software SAP2000, version 19.0.0. The purpose is to define a geometric and me-

chanical model able to describe, with a sufficient degree of accuracy, the dynamic

behavior of the structure.

An initial geometric model was constructed and implemented in the FE soft-

ware and then, taking advantage of the available historic and design documen-

tation about the building, the mechanical characteristics of the materials consti-

tuting the different structural components were selected. The constraints were

defined and imposed on the elements, and both gravitational, as well as live loads

were applied.

Table 5.1: Parameters assumed in the FE numerical model.

Material Blocks

Specific Density Young’s Poisson’s
weight modulus ratio

γ ρ E ν
N/m3 kg/m3 N/m2 -

Concrete 2.45E+04 2500 1.79E+10 0.20
Travertine 2.20E+04 2240 1.98E+09 0.25

Mixed masonry Block CT 2.00E+04 2040 1.94E+09 0.25
Masonry Block 1 2.00E+04 2040 2.00E+09 0.25
Masonry Block 2 2.00E+04 2040 1.95E+09 0.25

For the model, beams and columns were modeled with frame elements, while
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(a) (b)

(c) (d)

Figure 5.8: FE Model of the Civic Tower of Rieti: (a) plan view of the baseline
model; (b) 3D view of the model with material distinction.

shell elements were used for walls, partitions, and slabs. The primary materi-

als are concrete, travertine, and masonry with coating blocks of travertine. The

characteristic mechanical parameters assumed in the FEM for the materials are

summarized in Table 5.1.

Concrete was used to model beams and columns, and its mechanical charac-

teristics were derived from the experimental strength values obtained from the in

situ testing campaigns, carried out before the final restoration project of the Town

Hall.

Travertine was used to model the building walls of the ground floor, entirely

made of travertine blocks. Its mechanical characteristics were derived from the

available technical documentation about the building (Table 5.1).

The masonry mixed with travertine was used to model the perimeter walls of

the Civic Tower from the first level up to the roof. The structural interaction be-

tween the two materials is reflected in the material’s mechanical parameters, which
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results as a combination of the mechanical characteristics of the two materials, as

also suggested by the available technical documentation.

The loads applied to the model are gravitational and live ones. The gravita-

tional ones, also known as dead loads, are directly derived by the FE software

during the analysis, considering the specific weight of the materials associated

with the different structural elements. The variable loads represent the occupancy

loads in the building. These loads, instead of being independently applied, are

taken into account considering an equivalent additional thickness of the slab to

which is assigned only the gravitational load. This choice does not influence the

dynamic analysis because the floors are modeled as rigid floors. The additional

thickness of the slabs varies to take into account the distinct occupancy level be-

tween the floors of the building. For the first level, given the uncertainty as well

as the actual destination category of the building (offices open to the public), the

thickness is computed to be equivalent to the whole variable load. For the 2nd to

the 6th (attic) floors, the variable load has been considered at 30 %. For the last

level, it was decided to consider the whole variable load, because of the presence

of antennas and radio links.

Particular attention was paid to model the top floor of the tower, where the NC

TMD is installed. The passive control system is composed of a mass which rests

on elastomeric isolators, that should represent the only contact of the TMD with

the rest of the building. The isolators were modeled through link elements (Figure

(a) (b) (c)

Figure 5.9: Particular of the NC TMD system on the FEM:(a) plan view, (b) 3D
view, (c) NC TMD installed on the last floor of the tower model.

5.9b) with linear elastic behavior, with horizontal stiffness equal to 3000 N/mm.

The roof slab, which represents the mass of the TMD, is made of lightweight

concrete and it rests on a tubular steel structure forming a single body, connected

through elastomeric isolators on the last floor to the four columns coming from
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the lower level. The support of the mass of the TMD was modeled with frame

steel elements of different dimensions (Figure 5.9). During the construction, the

new TMD slab slowly settled on two sidewalls, and particular modeling had to be

carried out because of this ”unintended” connection between TMD and the upper

side of the tower. In the current state, the TMD is supported by two sides of the

tower, and it is not totally free to move, as it should be. In the model, this design

detail is recreated by inserting rigid links (Figure 5.9a) between the TMD and the

exterior wall of the tower were inserted to simulate the connection.

The modal analysis performed on the FEM gave preliminary information about

the dynamic behavior of the structure, which was used to design a monitoring

system, customized on the Civic Tower. Figure 5.10 shows the first five structural

modes, whose frequencies are: 3.09 Hz, 3.42 Hz, 4.61 Hz, 5.01 Hz, and 5.62 Hz. The

first two modes are mainly translational, with very little torsion (f1 = fX and f2 =

fY ), while the third and fourth mode result to be torsionally coupled (f3 = fXT

and f4 = fY T ), exhibiting angular deviations from the principal directions; finally,

the fifth mode is purely rotational (f5 = fT ). This rotation of modal directions

is conceivably attributable to the restraining effects of the low-rise adjacent Town

Hall building to which the tower is connected. So, the shapes of the first two

modes are primarily dictated by the tower, which is practically axial-symmetric,

while the shapes of higher-order modes are affected by its boundary conditions.

Notably, the dominant structural modes of the structure result to be aligned along

principal directions rotated of 45 degrees with respect to the main horizontal and

vertical axes. This behavior is then confirmed also by the results derived from the

AVTs, as shown in the next sections. Therefore, in all the monitoring campaigns,

the accelerometers have been accordingly rotated to optimize the reading of the

structural dynamic behavior.

5.3 Description of the monitoring system

A long term monitoring system was planned and installed on the Civic Tower to

continuously monitor its dynamic behavior and health condition during normal

operations.

The adopted monitoring system is a multi-channel acquisition system by HBM

and combines a data acquisition system MGCplus with an AB22A indication and
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(d) (e)
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Figure 5.10: Real Eigenvectors of the FEM (TMD modal kinematics in blue and
support modal kinematics in red): (a) Mode 1 (f1 = fX), (b) Mode 2 (f2 = fY ),
(c) Mode 3 (f3 = fXT ), (d) Mode 4 (f4 = fY T ), (e) Mode 5 (f5 = fT ), (f) principal
axis.

control unit. The equipment consists of a communication processor (model CP42),

two connection panels for multi-channel amplifiers (model AP418i) for piezoelec-

tric transducers for a total of eight channels. The MGCplus system is interfaced

with the software Catman Professional 5.0. The monitoring data are recorded

using this same data acquisition system connected to a host personal computer

(PC) located on the top floor of the tower.

The monitoring of the Civic Tower has been conducted in three separate phases

(Table 5.2): phase 1 consists in the first five monitoring campaigns; phase 2 starts

with the campaign VI and ends with campaign IX while the third one, correspond-

ing to campaign X, starts from December 2017 and is currently ongoing. Struc-

tural accelerations are measured using a sensor setup that consists of piezoelectric

model PCB 393A03 (Figure 5.11) uni-axial accelerometers (10 V/g sensitivity).

The number of sensors and their spatial disposition varies within the monitoring

phase conducted on the tower (Table 5.2).
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Table 5.2: Monitoring Campaigns.

Campaign Date fs(Hz) AVT FVT No.Sensors

Phase 1

I 28/07/2015 100 Y N 8

II 03/11/2015 100 Y N 8

III 10/11/2015 100 Y N 8

IV 15/12/2015 200 Y Y 8

V 26/01/2016 200 Y Y 8

Phase 2

VI 24/08/2016 04/10/2016 100 Y N 6

VII 04/10/2016 30/10/2016 100 Y N 6

VIII 01/11/2016 15/12/2016 100 Y N 6

IX 14/12/2016 20/03/2017 100 Y N 6

Phase 3 X 18/12/2017 Present 100 Y N 6

Figure 5.11: PCB Piezotronic accelerometer.

Phase 1 consists of daily monitoring campaigns, which result to be fundamen-

tal in the understanding of the dynamic reference behavior of the structure and in

defining a baseline sensor setup for all the future campaigns. The attempts and

choices made in this preliminary phase were driven by the information obtained

from the preliminary guidelines given by the FEM of the building complex con-

sisting in the Town Hall and the Civic Tower. The recorded data were collected

testing different spatial configurations of the sensors and also considering different

types of external excitation: ambient vibrations as well as forced sinusoidal ac-

celerations. Mainly AVTs were carried on in all the campaigns (I-V) while FVTs
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were designed and run in the IV and V campaigns. All the acceleration recordings

were 5 minutes-long, and the sampling frequency varied from 100 Hz to 200 Hz

(Table 5.2).

All the tests were carried out using eight high-sensitivity piezoelectric uni-

axial accelerometers, positioned in different setup configurations: 10 different spa-

tial scenarios were tested. For each configuration, the accelerometers were moved

either between the fourth and seventh floor of the Civic Tower, either halfway

between the tower and the Town Hall building at the fourth floor, where the two

structures are linked. Especially this last case highlighted that the dynamic be-

havior observed considering the accelerometers placed on the tower was the same

derived from the ones localized on the Town Hall. This finding demonstrated that

the Civic Tower can be considered rigidly linked to the Town Hall and that it is

reasonable to adopt only a small number of sensors placed on the tower to fully

characterize its dynamic response. Consequently, two of the eight accelerometers

were discarded, and the reference sensor setup, which better catches the dynamic

behavior of the structure was identified. It consists of six accelerometers: three

accelerometers (natural numbers in Figure 5.12a were placed on the support floor

(height=28.84 m) and three corresponding sensors (natural numbers in Figure

5.12b) on the TMD level (height=31.24 m). The accelerometers have been ro-

tated of 45 degrees with respect to the horizontal direction (Figure 5.12a) because

the dynamic analysis performed on the FEM, confirmed the dominant modes to

be along those directions. This configuration allows to completely describe the

kinematics of the two rigid planes on the last floor of the tower (support and

TMD). Once identified the reference configurations for the accelerometers, it was

kept the same for all the future monitoring campaigns (VI-X).

The second monitoring phase, started on August 24th, 2016, right after the

earthquake that stroke the small town of Amatrice and the surrounding areas.

At this time, the acquisition system was set alternatively in continuous mode

(campaigns VI and VIII) or standby with trigger activation. Only AVTs were car-

ried on in this phase adopting the optimal reference spatial configuration derived

from phase 1. When the system was set in continuous mode, accelerations are

measured every day, for 24 hours a day, in 5 minutes long record, while when it

was set in standby with the trigger, accelerations were measured for 5 minutes,

only when at least one value of acceleration within the recording overcame 0.005

m/s2(campaigns VII and IX).
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Figure 5.12: Reference sensors setup: (a) support level, (b) TMD level.

Starting from December 2017, in phase 3, the monitoring system has collected

eight ambient vibration recordings (5 minutes-long) per day at four different times

of the day: 07:00 AM, 01:00 PM, 07:00 PM, and 01:00 AM. In addition, a trigger

was additionally set on the acceleration level recorded by each channel, in order

to collect all the possible seismic events in the Rieti area which could affect the

structure and activate the passive control system.

Moreover, starting from July 13, 2018, a temperature data logger sensor from

PCE Instruments has been installed on the last floor of the structure and included

in the monitoring system to record temperature data. It can measure temperature

within a measurement range of -40°C to +70°C (-40°F to 158°F). Users can easily

set up the logging rate, high/low alarm and start-mode, and download the stored

data by plugging the module into the PC’s USB port and running the purposely

designed software.

5.4 Applying the Unsupervised Procedure to the

Civic Tower of Rieti

The unsupervised extraction procedure for modal parameters presented in Chapter

2 is built to give a not-user dependent framework to carry on structural health

monitoring campaigns on real civil structures. Before applying the procedure on

the data collected from the long-term monitoring system on the Civic Tower in

Rieti, the procedure is here tested on the data collected on November, 3rd, 2015,
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that belongs to the second campaign, where the dynamic reference condition of

the structure was identified. It is shown how the parameters at the core of the

procedure are chosen and small sensitivity analysis are performed to display the

way they affect the final identification results.

Step (a): DD-SSI&Parameter Selection

In the first step of the procedure, the user needs to select the values of the pa-

rameters used in the DD-SSI algorithm. In the present application, the allowable

ranges of variation for the parameters governing the DD-SSI algorithm are set

according to the guidelines given by Priori et al. 2018. Table 2.1, presented in

Chapter 2, shows the suggested minimum and maximum values for these parame-

ters which depend on the structural properties (f1 first structural frequency of the

system) of the structure and the monitoring sensor systems (m number of sensors,

fs sampling frequency) respectively.

Table 5.3: Variability range of DD-SSI Parameters.

Parameter Description Suggested Value

nmin Minimum value of N 12

nmax Maximum value of N 60

gmin Minimum value of g 20

hmin Minimum value of h 98

imin Minimum value of i 118

imax Maximum value of i 354

jmin(i) Minimum value of j i·4.9

hmax(i) Maximum value of h i− 20

jmax(i) Maximum value of j 30000− i+1

For the application on the Civic Tower, it is possible to derive preliminary

information about the system model order and the first structural mode just by

looking at the dynamic response in the frequency domain. Figure 5.13 shows the

Power Spectrum obtained from the acceleration time histories recorded by the

six sensors during November 2015 campaign, which is used as reference for the

dynamic characterization of the structure. Looking at the power spectrum, it can

be observed that there are about 6 predominant modes, hence the system’s order
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n in the state space can be assumed equal to 12 and that the natural frequency

of the first structural mode is about 3.08 Hz.

Figure 5.13: Power Spectrum of the acceleration response of the Civic Tower
(monitoring campaign II).

At this point the variability range of the system order can be easily defined.

The upper limit, nmax, of the order range should be chosen to be safely greater

than twice the expected number of physical modes n, and the lower limit should

not be less than the same number. In the current application, the order of the

model has been varied from 2 to 50 with step increments of 2, considering also

orders smaller than the effective system’s order.

The initial definition of the system’s dynamics and the monitoring system

information lead to the definition of the gmin and hmin values which are equal to

20 and 98, respectively. Once set the minimum values of g and h, it is possible to

derive the minimum and maximum value of i (Table 5.3), that in this case is 118.

At this point all the other parameters can be accordingly derived. The last three

values, jmin, hmax and jmax, as mentioned in Chapter 2, depend on the selected

value of i, and it is necessary to define the final allowable range valid for all the

combinations of parameters. The final jmin can be chosen equal to the largest

value of jmin among all the possible ones derived for each value of i, while the final

hmax and jmax are going to be the smaller ones, respectively.

In this paper the range for the parameter i has been chosen deliberately larger

than what was needed to investigate how this parameter influences the final solu-

tion. The number of output block rows i in this case varies from 200 to 1000 with

step increments of 20. Being the parameter that least affects the identification,

only three values [17000, 20000, 23000] have been considered for the number of
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output block columns j.

As previously mentioned, the partition of the Hankel matrix is an important

step in the DD-SSI algorithms. Usually, a symmetric partition is chosen but recent

studies have shown that this might not be the most appropriate partition. These

considerations have never never been taken into account into these automated

procedure. Here all the possible sets of partitions are considered, starting from a

symmetric solution with h = 0.5·i up to a highly asymmetric condition (h = 0.9·i),
considering other three intermediate asymmetric conditions: h = 0.6 · i, h = 0.7 · i,
h = 0.8 · i.

Once all the allowable ranges of the parameters have been defined, the DD-SSI

procedure can be performed repeatedly, choosing each time a set of values for i, j,

h and n. For each repetition, a set of a system matrix A and of an output matrix

C is obtained, from which the eigenvalues and the corresponding eigenvectors are

derived.

Step (b)-(c): Hard Validation & Noise Modes Elimination

Let W be the total number of modes identified in all the N̄ SSI-data analyses.

Then, let the following vectors be constructed:

Λ = [λ1 λ2 . . . λ2W−1 λ2W ]T

Ψ = [Ψ1 Ψ2 . . . : Φ2W−1 Ψ2W ]T
(5.1)

where λw, and Ψw denote the eigenvalue and eigenvector of the wth identified

mode, for w= 1, 2, . . ., 2W . Here the second and third step of the unsupervised

procedure are investigated.

Considering the parameters ranges cited in the previous section, the number of

SSI analysis N̄ is equal to 9600 and the number of structural identified modes 2W

is equal to 319800, considering both complex and complex conjugates. Figure 5.14

shows the frequencies and damping ratios derived from the W complex eigenvalues

collected in matrix Λ (the conjugates are discarded). It is evident that there are

some areas in which the density of the identification is higher and they correspond

to the zones in which there is the highest probability of having a structural mode.

In Figure ??, the area with the higher density results slightly shifted, because of

a change in the dynamic behavior of the structure. It is also evident that there is

a high number of noisy modes associated to unrealistic damping ratios values for
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a civil structure, like negative damping or values higher than 20% (Figure 5.14b):

these modes will be eliminated in the next step.

(a)

(b)

Figure 5.14: Modal frequencies and damping ratios identified in all SSI analyses.
Frequency vs. Combination of parameters (November 2015).

The second and third step of the unsupervised methodology focus on differ-

entiating the structural modes from the noisy ones, applying first the HVC and

then checking the similarity level between all the identified modes. The third step

starts from the assumption that the structural modes are those that are repeat-

edly identified, while the noisy modes are randomly identified. In the application

of the HVC, first we remove those modes that are clearly linked to mathematical
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artifacts, like the ones having negative damping or those complex conjugates pairs

that do not match. However in this step, only a small number of non-structural

modes were removed (310). It is the third step that actually makes the differ-

ence. In the noise modes elimination stage, the similarity within the modes is

estimated comparing for each structural mode w, frequencies, damping ratios and

mode shapes, according to the distance given in Chapter 2.

To carry on the elimination procedure, the user needs to decide which is the

threshold of similarity for the structural modes. In civil engineering, these toler-

ances are usually set equal: 0.01 for relative changes in frequencies (εf ), 0.05 for

relative changes in modal damping ratios (εξ), and 0.05 for differences between

modal assurance criterion (MAC) values of two eigenvector estimates (εMAC). In

this section, two of these tolerances are varied, εξ, and εMAC to show how the final

results can be affected by their variation.

There is an additional parameter that plays an important role in the noise

elimination step, which is the minimum number C̄min of similar modes that have

to be reached in order to declare that a group of modes represents a structural

mode and not a spurious one. Choosing large values for C̄min increases the severity

of the stability check and is not recommended as it would increase the risk of

eliminating physical modes. While to keep a relatively small value of C̄min would

allow eliminating most of the noise modes without canceling physical ones. The

influence of this parameter is addressed as well within a sensitivity analysis.

Figure 5.15 show how the identification is affected by varying the tolerance

level over the damping ratio. It is well known that damping ratio is the more

unstable among the modal parameters and its identification can be highly disperse

sometimes, even within the same acceleration record. For small thresholds set

on the damping ration (Figure 5.15a) it is not even possible to identify all the

structural modes. Gradually relaxing the εξ values the number of stable identified

points increases and at least three structural modes are fully identified (Figure

5.15b and Figure 5.15c). For εξ values of 0.04 and 0.05 other two frequencies start

to be collected. These two frequencies are associated to structural modes that are

not well defined for all the records.

Figure 5.16 shows a similar sensitivity analysis done on the threshold sets on

the MAC values, which measure the similarity of structural modes in terms of

eigenvectors. Complex mode shapes tend to be more robust in the identification

with respect to damping ratios. This behavior is evident in Figure 5.16, where
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also for low values of the εMAC more structural modes are identified. Therefore

this parameter is affecting less the noise modes removal procedure. Because of

the small dependency of the final results from this tolerance value, for the further

analysis an εMAC equal to 0.05 is considered.

Finally, the influence of the minimum number C̄min of similar modes is tested.

Figure 5.17 present the results of the noise mode removal procedure considering

five different values for the C̄min parameter. The definition of these parameters

highly affects the number of stable identified mode in the methodology. It can be

noticed how increasing the value of the threshold, the number of identified modes

drastically decreases, leading to the impossibility of identifying any structural

mode.

In the light of the results obtained from the previous sensitivity analysis on

the tolerance values on the parameters driving the noise mode removal step, four

fixed values are set for all the identification procedures carried on further in this

dissertation. In order to keep track of all the modes, without losing any impor-

tant structural mode, the final thresholds are:εf=0.01, εξ=0.05, εMAC=0.05 and

C̄min=100.

The results in terms of frequency vs. system identified order and frequency vs.

damping ration are presented in Figure 5.18. Comparing these results with the

identification obtained right after the simple application of the DD-SSI procedure

(Figure 5.14), it is evident how the removal approach consistently cleans the iden-

tification from the noisy modes. The distributed cloud of identified modes which

was present in Figure 5.14a is sensibly reduced, leaving concentrated columns of

identified stable points where the frequency content of the structure is. Figure

5.18b shows the clustered tendency of the identified points in terms of frequency

and damping ratio.

Before moving to the cluster analysis, it is worthy it to investigate the relation

between the identified stable modes and the parameters of DD-SSI. Additionally,

to better appreciate the role played by the asymmetric partition into the iden-

tification of stable modes, the number of block rows of the future outputs h is

normalized with respect to the total number of block rows i, giving the partition

ratio ĥ of the future outputs with respect to the past ones. Figure 5.19 shows

four barplots, each referred to a parameter of SSI: the system order n, the number

block rows i, the partition ratio ĥ, the number of block columns j of the Hankel

matrix. Each barplot shows the ratio between the number of identified structural
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(a) (b)

(c) (d)

(e)

Figure 5.15: Noise modes removal considering εf=0.01, εMAC=0.05, C̄min=100
and varying εξ:(a) εξ=0.01,(b) εξ=0.02, (c) εξ=0.03, (d) εξ=0.04, (e) εξ=0.05.
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(a) (b)

(c) (d)

(e)

Figure 5.16: Noise modes removal considering εf=0.01, εξ=0.05, C̄min=100 and
varying εMAC :(a) εMAC=0.01,(b) εMAC=0.02, (c) εMAC=0.03, (d) εMAC=0.04, (e)
εMAC=0.05.
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(a) (b)

(c) (d)

(e)

Figure 5.17: Noise modes removal considering εf=0.01, εξ=0.05, εMAC=0.05
and varying C̄min:(a) C̄min=100,(b) C̄min=200, (c) C̄min=300, (d) C̄min=400, (e)
C̄min=500.
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(a)

(b)

Figure 5.18: Stable identified modes. Frequency vs. Combination of parameters
(November 2015).

modes for that specific parameter with respect to the maximum number of modes

identified for the best case. Looking at the results, it can be immediately observed

that the parameter j has minimal impact on the final identification of structural

modes since the percentage of identified modes is high (>0.85) for all the three

values considered.

All the considered values for the block rows of the Hankel matrix i lead to an

identification ratio higher than 0.6; however above i=320, the ratio is consistently

higher than 0.8, reaching the maximum around i=600. For i >600, the ratio
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Figure 5.19: Percentage of stable identified structural modes (November 2015).

of identified modes tends to decrease. This can be explained by the fact that

increasing the number of block rows in the Hankel matrix implies the introduction

of more information about the system into the Hankel matrix. At the same time,

working with larger matrices will introduce mathematical artifacts that will result

in additional noise and, consequently in the identification of more noise modes.

Hence it is important to keep the range of variations of i well confined, otherwise

the computational cost of the analysis is increased without actually introducing

any advantage in the identification. Regarding the system’s order, n = 14 gives the

highest identification ratio. For values of the system’s order less than 6 and more

than 30, the number of identified stable modes diminishes very rapidly. Finally it

is important to highlight that, with regard to the partition coefficient, the highest

identification ratio is not found for the most common symmetric partition (ĥ), but

for the asymmetric conditions. Particularly ĥ=0.6 and ĥ=0.8 lead to the highest

percentage of identified modes, pointing out how the symmetric partition, which

is the solution used in almost all the applied DD-SSI procedures, could not be the

best choice.

It is worthy it to investigate also the correlation between these four parameters.

Figure 5.20 shows the number of stable identified modes associated with pairs of

parameters. From Figure 5.20a, it is evident how the system’s order n equal to

14 tends to be significant in terms of stable modes, when the parameter i assumes
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(a) (b)

(c) (d)

Figure 5.20: Stable identified modes with respect to the driving methodology’s
algorithm (November 2015): the number of block rows of the Hankel matrix i, the
model system’s order n, the partition ration on the past and future block rows ĥ
and the number of block columns of the Hankel matrix j.

values greater than 500. At the same time, the corresponding effective values of the

partition ĥ and of the number of block columns j are 0.6 (5.20b) and 23000 (5.20d)

respectively, apparently narrowing down the variability range of these parameters.
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Step (d): Clustering & Outlier Removal

The penultimate step of the procedure is the cluster analysis with the combined

outlier removal procedure. In the proposed methodology two different approaches

are given to carry achieve the separation of clusters: a blind k-Means approach and

DBSCAN algorithm. These two procedures are both based on the computation of

a similarity quantity which tells the distance between the identified stable poles.

In the Blind k-Means methodology the similarity distance considered can be or a

physical-distance or the MSD presented in Section 2.4.

Before starting the clustering step, the user needs to set the threshold for the

maximum distance dmax which will be the separating threshold between clusters.

This threshold happens to be empirically chosen for the Blind k-Means approach

that relies on the physical distance. Indeed in this case the user needs to set

this value according to his own expertise. For the study case of the Civic Tower

in Rieti, the authors have defined a value of 0.04. On the other hand the blind

k-Means version which is built over the MSD, allows to set the threshold taking

advantage of the F-distribution assumed for the MSD. The threshold,dmax is then

set to the value of the 1 − α percentile of Fd,b−d, where α is the confidence level,

d is the dimensionality of the feature vector and b is the number of observations

of the feature vector.

When choosing the clustering based on DBSCAN the user needs to set two

parameters: the minimum number of points (MP ) and the ε. The first parameter

can be easily set considering that it needs to be bigger than the dimensionality of

the feature vector d and in general is set at least equal to log(b) and in this case

it is set equal to 10. The minimum number of points MP helps defining the value

of the radius ε in the DBSCAN search. As previously mentioned in Section 2.4,

it is possible to identify a reasonable value for ε defining a k-dist function from

the database, mapping each point to the distance from its k-th nearest neighbor,

where k is set equal to MP . Figure 5.21 shows the points of the dataset sorted

in descending order of their k-dist values, considering 4 different possible values

of MP and consequently of k. It can be noticed that for all the cases there is

a ”valley” around a k-dist of 0.0015 which separate the noisy points from the

clusters. Accordingly the ε value is set euqal to the k-dist threshold with the

higher value of minimum points MP (MP=10).

Figure 5.22, Figure 5.23 and Figure 5.24 respectively show the clustering pro-
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(a) (b)

Figure 5.21: k-dist function.

cess considering the blind k-Means approach with the physical distance, then with

the Mahalanobis Square Distance and then with the DBSCAN algorithm. In all

three cases the feature vector collects both frequencies and mode shapes. In the

two approached based on k-Means the clustering stage is carried on in two separate

steps: the initial clustering (Figure 5.22b and Figure 5.23b) with the additional

cancellation of the smaller clusters and then the outlier removal (Figure 5.22c and

Figure 5.23c). The two methodologies based on k-Means leads to similar results,

considering although that the introduction of the Mahalanobis Square Distance

allows to set a threshold according to the F distribution of the distance itself,

without any reference to the user’s sensitivity.

DBSCAN algorithm allows to carry on the clustering process in a single step

discriminating the clusters from the noisy points in one passage.
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(a)

(b)

(c)

Figure 5.22: Clustering with blind k-Means with physical distance:(a) before clus-
tering, (b) after clustering, (c) after removing noise and small clusters.
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(a)

(b)

(c)

Figure 5.23: Clustering with blind k-Means with Mahalanobis Square Distance:(a)
before clustering, (b) after clustering, (c) after removing noise and small clusters.
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(a)

(b)

Figure 5.24: Clustering with DBSCAN:(a) before clustering, (b) after clustering
and removing noise and small clusters.

Step (e): Selection of the Representative Modal Quantity

Figure 5.25 shows the final results obtained after the estimates of the mean values

and the corresponding 95% confidence. It can be noticed how the two k-Means

approaches lead to almost identical results. The methodology based on the MSD

offers an improvement in terms of damping dispersion for the first structural mode,

but at the same time leads to slightly more disperse damping ratio for the third

mode. The approach based on DBSCAN clustering on the other hand, leads to the

more stable and less disperse solution, both in terms of frequencies and damping

ratios, which can be better appreciated looking at the values in Table 5.4 and

Table 5.5.
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(a)

(b)

(c)

Figure 5.25: Bar plot of mean and standard deviation in terms of frequencies and
damping ratios: (a) blind k-Means with physical distance; (b) blind k-Means with
Mahalanobis Square Distance and (c) DBASCAN

Table 5.4: Mean and standard deviation in terms of frequencies for the three
clustering approaches

Approach Blind-Kmeans DBSCAN
Distance Physical dist MSD Eucledian

Mode µf σf µf σf µf σf
1 3.08 0.0108 3.08 0.0053 3.08 0.00018
2 3.48 0.0245 3.48 0.0223 3.48 0.00072
3 4.61 0.0069 4.62 0.0131 4.62 0.00027
4 4.94 0.0249 4.93 0.0248 4.94 0.00063
5 5.64 0.0161 5.64 0.0159 5.64 0.00031
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Table 5.5: Mean and standard deviation in terms of damping ratios for the three
clustering approaches

Approach Blind-Kmeans DBSCAN
Distance Physical dist MSD Eucledian

Mode µξ σξ µξ σξ µξ σξ
1 0.009 0.0016 0.009 0.0008 0.009 0.00084
2 0.017 0.0079 0.018 0.0082 0.016 0.00020
3 0.016 0.0018 0.016 0.0035 0.016 0.00006
4 0.015 0.0011 0.015 0.0011 0.016 0.00020
5 0.011 0.0021 0.011 0.0021 0.011 0.00004

5.5 Dynamic Characterization of the Civic Tower

5.5.1 Preliminary AVTs

The dynamic response of the Civic Tower in operational conditions was recorded

several times since July 2015. Especially the first experimental campaigns, col-

lected in phase 1 (Table 5.2), from July 28th, 2015, until January 26th, 2016,

were the ones giving the preliminary information on the dynamic behavior of the

structure.

The modal information derived within the AVTs performed on November 3rd

2015 are chosen as the baseline for the dynamic characterization of the structure

and as the healthy reference state for all the future monitoring campaigns. This

choice is driven by the fact that the identification results from the AVTs are

identical to those obtained from the FVTs and the FEM.

The extraction of the modal parameters was carried out using the automated

system identification procedure described in the previous section.

From a preliminary analysis through the Fourier Transform (FT), (Figure 5.26)

five frequencies clearly emerge from a simple peak-picking analysis: the first one

around 3 Hz, the second around 3.5 Hz, the last three are sufficiently spaced, and

they are about 4.5 Hz, 5 Hz, and 5.6 Hz respectively. At the same time, the

automated SSI procedure gives the identification of the same five frequencies with

the corresponding damping ratios (Figure 5.26). Among the five identified modes,

four (3 Hz, 4.5 Hz, 5 Hz, and 5.6 Hz) present distinct stability in terms of the

frequency range, with associated damping ratios consistently clustered, confirming
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the robustness in their identification. However, the second mode, even if stable in

terms of frequency, shows high spread in the damping ratio’s identification, caused

by the uncertainty in the identification of the mode itself. Looking carefully at

the FT in Figure 5.26, a sixth pick can be spotted around 3.5 Hz; however, there

is no correspondence, in this preliminary phase, with the results derived from the

AVTs. To further investigate the identification of the structural modes, FVTs were

Figure 5.26: Fourier Transform and stable poles identified with the automated
methodology for the AVT of 3rd November 2016.

performed during the IV and V monitoring campaigns. In the FVTs a vibrodyne,

series VTE 40k by Valtronic Europe (Figure 5.27) was used with a sampling

frequency equal to 200 Hz. The vibrodyne configuration adopted consists of two

eccentric masses with a static moment of 0.896 kgm and a maximum force of

approximately 32 kN at 30 Hz. Two kinds of tests were carried out: a sine sweep

in which the force-frequency varies linearly and a second stepwise time-frequency

test in which sinusoidal forces, characterized by different frequencies, are applied

one at the time until the system reaches the stationary response. In the first test,

the force-frequency linearly increases and decreases within the range 2-7 Hz in 240s

(excluded time to reach the initial frequency). Figure 5.28 shows the Frequency

Response Functions (FRFs) of the structural accelerations for the two FVTs and

the identified frequencies from the automated SSI procedure, using the data from

channel 3 (Figure 5.28a) and channel 6 (Figure 5.28b).

The values associated with the stepwise time-frequency test are higher than

the ones coming from the sine sweep. This outcome is more evident for lower fre-
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(a) (b)

Figure 5.27: Vibrodyne views: (a) side view, (b) back view.

(a) (b)

Figure 5.28: Results of the FVTs: (a) channel 3, (b) channel 6.

quencies, while they are substantially coincident for higher frequencies. It could

be due to the high speed of the stepwise test during which the structure did not

have enough time to reach the stationary response in the lower frequency range,

where the number of cycles is not adequate. Comparing the AVT results with

those derived from the FVT, it is evident the agreement with the identified fre-

quencies. Five frequencies are identified distinctly (Table 5.6), while around 3.5

Hz, the FRFs in Figure 5.28 shows that there could probably be another structural

frequency that is difficult to identify. Looking at the identified frequencies along

with the monitoring campaigns in this preliminary phase (Table 5.6), it distinctly

emerges that the frequencies tend to vary along this period. Indeed all of them

present higher values in July 2015 and then decrease during November 2015 and
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Table 5.6: Modal results from AVT and FVT performed during experimental
campaigns II-V and FE model.

Mode FEM FT FVT AVT: Automated DD-SSI
11/03 11/03 07/28 11/03 11/10 12/15 01/26
2015 2015 2015 2015 2015 2015 2016

f f f f f f f f
(Hz) (Hz) (Hz) (Hz) (Hz) (Hz) (Hz) (Hz)

1 3.09 3.03 3.06 3.10 3.08 3.04 3.07 3.10
2 3.42 3.42 3.43 3.54 3.48 3.46 3.50 3.55
3 4.61 4.57 4.60 4.65 4.62 4.56 4.59 4.66
4 5.01 4.95 4.99 5.04 4.93 4.93 4.95 5.01
5 5.62 5.65 5.65 5.68 5.64 5.58 5.66 5.65

slowly increase again in January 2016. This behavior suggested a strong interac-

tion of the structure with the environmental conditions and led to the introduction

of a temperature sensor in the monitoring system so to track this behavior during

a more extended monitoring period.

Besides frequencies and damping ratios, the automated identification method-

ology also provides the complex eigenvectors of the model of the tower (Figure

5.29). In the complex plane, all the components appear to be strongly aligned

with each other, and they all lie along a line which passes through the origin.

Accordingly, the imaginary part of the eigenvectors can be minimized, and the

associated real mode shapes are plotted (Figure 5.30).

The results of the modal analysis derived from the experimental measurements

of the AVTs, in terms of frequencies and modal kinematics show a consistent

agreement with the corresponding modal characteristics obtained from the FEM

(Table 5.6). The experimental frequencies differ from those of the FEM by ex-

tremely small percentages (∆f1=0.3%, ∆f2=1.75%, ∆f3=0.2%, ∆f4=1.6% and

∆f5=0.35% ). The real modal shapes confirm the alignment of the principal

modes along the 45 degree principal directions, with the first two modes mainly

translational, the third and fourth coupled on translation and torsion and finally

the fifth mode is purely torsional (Figure 5.10).

It is worth noticing that both the FVTs and the preliminary peak picking

analysis in the frequency domain highlighted that there could be an additional

structural mode around 3.5 Hz. At the same time, the dynamic characteristics of

the structure, as extracted by the FEM as well as by the AVTs, do not show any
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(a) (b) (c)

(d)
(e)

Figure 5.29: Complex Eigenvectors for the reference state (sensors on the TMD
in blue and sensors on the support in red): (a) Mode 1 (fX), (b) Mode 2 (fY ), (c)
Mode 3 (fXT ), (d) Mode 4 (fY T ), (e) Mode 5 (fT ).

mode in the vicinity of 3.5 Hz and so only five vibrational modes are considered

at this stage. However, because system identification techniques founded on SSI

are known to have difficulties in identifying close modes, and the FEM is in a

preliminary stage, the region of the response spectrum around 3.5 Hz remains a

region of interest in the following campaigns.

5.6 Structural Health Monitoring of the Civic

Tower

The new 6-sensor monitoring system was installed on July 2015 and the accel-

eration response of the structure has been recorded since then. The dynamic

response of the Civic Tower, during this monitoring period, resulted mainly from
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Figure 5.30: Real Eigenvectors for the reference state (TMD modal kinematics
in blue, support modal kinematics in red, reference configuration in green): (a)
Mode 1 (fX), (b) Mode 2 (fY ), (c) Mode 3 (fXT ), (d) Mode 4 (fY T ), (e) Mode 5
(fT ), (f) principal axis.

two excitation sources: (1) ambient vibrations and (2) earthquakes.

Starting from August 2016, the central regions of Italy were interested by a

strong earthquake storm which lasted until February 2017. On August 24th, 2016,

and on October 26th and 30th, 2016, three severe earthquakes occurred, having

magnitudes of 6, 5.4 and 6.5 on the moment magnitude scale respectively. The

epicenter of the first earthquake in August was located near Accumoli, 47 km away

from Rieti. The epicenters of the two earthquakes that occurred in October were

located close to the city of Norcia, 62 and 54 Km away from Rieti (Figure 5.31).
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Figure 5.31: Geographical location of the epicenters of the major seismic events
with respect to Rieti.

These seismic events slightly affected the Rieti’s area, even if their epicenters

happen to be far from Rieti. They induced on the Civic Tower low amplitude

accelerations because of the distance from the epicenter and the very stiff na-

ture of the travertine basement on which the tower is erected, which led to no

amplification of the base excitation.

5.6.1 Operational Vibration Monitoring

Figures 5.32 and 5.33 show the maximum accelerations (amax) and maximum

root mean square of the accelerations (RMSa) recorded by the six sensors during

the monitoring period (one record per day), where the distinction between the

monitoring campaigns and the dates of the major earthquakes are marked with

continuous and dashed vertical lines respectively.

In the preliminary five campaigns, from November 2015 up to August 2016,

the maximum acceleration recorded at all the sensors and the RMS show higher

values than those obtained in the subsequent campaigns, with a mean value of

0.0034 m/s2 for the maximum acceleration, and a mean value of 0.0004 m/s2 for

the maximum RMS.

Right after the seismic event of August 2016 the maximum accelerations and

the associated RMS tend to stabilize on smaller average values, 0.001 m/s2 and

0.0002 m/s2 respectively.

Moreover, from August 2016, the maximum acceleration and the RMS show a

distinct gap between the sensors placed on the mass of the passive control system
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(Channel 4, 5, 6) and the ones located on the tower support (Channel 1, 2, 3),

with the former of lower value than the latter; this is because of the less rigid

nature of the TMD with respect to the support level.

From December 2018 (Campaign X), the trends of amax and RMSa appear to

be more regular and consistent. Sensor 5 and 6 show higher values of maximum

acceleration and RMS than the sensors placed on the support, but also higher

than the values measured on sensor 4 which is also on the mass of the TMD.

To explain the differences, let’s recall that sensor 4 is placed on the TMD’s mass

on the side which settled on the lateral wall; therefore, because of this boundary

restraint, that sensor is going to be subjected to accelerations which are smaller

compared to the ones recorded from the other sensors on the mass, but still higher

than the acceleration measured on the support. The variations in the acceleration

Figure 5.32: Maximum acceleration (|amax|) recorded by the six sensors.

response of the structure right after the seismic events suggest that the concrete

mass of the TMD system slightly moved with respect to the original configuration

during the earthquake in August 2016. The original configuration had the concrete

mass resting on one side of the tower, not being free to move. However, the

accelerations induced on the structure by the earthquake, even if low, activated

the passive control system, overcoming the friction resistance given by the mass

lying on the lateral wall. After the event the TMD settled again on the same lateral

wall, restoring the initial configuration before the earthquake. A similar analysis

has been conducted on the displacements, which are derived from the measured

accelerations applying a double integration procedure. The relative displacement

between the sensors on the TMD and the ones on the support is computed along
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Figure 5.33: RMS of acceleration data (RMSa) recorded by the six sensors.

with the whole monitoring period (Figure 5.34). In normal operating conditions

the values of the relative displacement are stable and consistent around a mean

value of 3.56 10−5 m.

Figure 5.34: Relative displacement between channels.

5.6.2 Seismic Events

During the seismic events, the acceleration and the related RMS recorded by the

six sensors reached maximum values of about 0.95 m/s2 and 0.04 m/s2 (Table

5.7), respectively, substantially higher than the values usually measured in the

operational conditions. As expected, the sensors positioned on the mass of the

TMD measured higher acceleration than those placed on the support. Also, the

maximum displacement deviated from the values observed during operational con-

ditions, reaching peaks of 2.4 mm both on the support floor and on the mass of
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the TMD.

It can be stated that the TMD is activated and moves out of phase with re-

spect to the rest of the structure by comparing the displacements derived from the

measured accelerations on the sensors placed on the concrete mass with the corre-

sponding ones on the support level (Figure 5.35b). This finding can also be easily

derived looking at the relative displacement between the channels (Figure 5.35a).

Right before and after the seismic event, the relative displacement results to be

almost zero, proving an in-phase displacement recording between the channels.

On the hand, during the earthquake, the relative displacement reaches values of

3.6 mm, showing a substantial ”out of phase” behavior.

Table 5.7: Maximum acceleration, displacement and RMS of acceleration at the
six channels during the seismic event of October 26th, 2016.

Ch1 Ch2 Ch3 Ch4 Ch5 Ch6

Max a (m/s2) 0.3061 0.3504 0.3008 0.7217 0.9349 0.8755

RMS of a (m/s2) 0.0178 0.0232 0.0180 0.0301 0.0387 0.0341

Max d (m) 0.0021 0.0022 0.0018 0.0019 0.0024 0.0020

The activation and movement of the TMD system during the seismic events is

validated by comparing the recorded dynamic response with the one obtained by

the FEM. The numerical model where the mass of the TMD is free to move has

been considered by eliminating the rigid links between the tower and the TMD’s

mass, ensuring in this way the activation of the TMD system during the seismic

event.

The analysis on the FEM is carried on applying at the base of the model the

input acceleration time history of the seismic event occurred on October 26th, 2016.

The input was recorded at the base of the Prefecture, building located about 100

m away from the Civic Tower and erected on the same soil type; therefore it is

acceptable to assume that the same input could be applied to the tower.

The displacement time histories derived from the measured accelerations at

the sensor locations in the tower are then compared with the displacements given

by the seismic analysis performed on the FEM.

Figure 5.36 shows the plot of the displacements of the six sensors numerically

identified through the FE model and those obtained from integration of the ac-

celeration recorded for event on October 26th, 2016 (magnitude 5.4). It appears
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(a) (b)

Time [s]

(c)

Figure 5.35: Displacement (earthquake October 26th 2016): (a) relative, (b) ab-
solute, (c) absolute zoomed.

that the response of the structure during the earthquake is well represented by

the model with the passive control system non rigidly connected to the structure.

These results confirm that, during the seismic event, the passive control system

is moving out of phase with respect to the structure. The same analysis carried
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on the original FEM leads to higher values of displacements, validating the fact

that the FEM should be used for the representation of the structure during the

operational conditions only, when the TMD can be considered connected to the

structure.

Figure 5.36: Comparison between the displacements of the six sensors experimen-
tally identified and obtained by the FE model (earthquake October 26th 2016).

5.6.3 Automated frequency tracking

Figure 5.37 shows the time histories of the identified natural frequencies obtained

by applying the fully automated SSI output-only modal identification technique

defined in Chapter 2. The time evolution of the modal frequencies is presented

across the three monitoring phases, considering one record per day at midnight,

with continuous vertical lines dividing the monitoring periods and dashed vertical

lines indicate the three major seismic events which occurred within the monitoring

campaigns.

Despite the low levels of vibration in operational conditions, five modes are

successfully identified in most of the dataset: the first two translational modes,

fX and fY , the third and fourth coupled modes,fXT and fY T and finally the fifth

torsional mode, fT . An additional mode is spotted with less continuity (f ∗),

and it would correspond to the extra mode identified in the FVTs and the Peak

Picking analysis cited in the dynamic reference state section however, because its
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instability in the identification it was impossible to determine its nature (Table

5.8).

Table 5.8: Frequency Identification Rate

Mode
Phase 1 Phase 2 Phase 3

f Max σf Rate f Max σf Rate f Max σf Rate
(Hz) (%) (Hz) (%) (Hz) (%)

1 3.06 0.023 100 2.97 0.027 98 2.98 0.013 69
2 3.48 0.049 100 3.28 0.088 75 3.25 0.026 73
∗ 3.64 0.025 17 3.41 0.098 43 3.41 0.023 25
3 4.61 0.035 100 4.42 0.062 94 4.40 0.014 98
4 4.97 0.051 83 4.77 0.045 58 4.79 0.024 35
5 5.65 0.052 100 5.38 0.063 97 5.37 0.021 98

The robustness of the frequency identification is supported by the value of the

standard deviation (Figure 5.38) with respect to the mean values of each frequency

that remains small along the monitoring period. Indeed the maximum values of

the standard deviation along the monitoring campaign are below ±0.0980 (Table

5.8).

Figure 5.37: Identified natural frequencies along time.
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Figure 5.38: Identified natural frequencies and the standard deviation upper and
lower bounds along time.

Significant reductions in the frequency value can be noticed comparing the

mean values of the frequencies identified before and after the seismic events oc-

curred in 2016 (Figure 5.37 and Figure 5.39 ). The earthquake that occurred

on August 24th, 2016, in Accumoli led to a substantial variation of the second

frequency (3%). However, the series of seismic events that took place between

October 26th and 30th, 2016, in Norcia reduced all the frequencies from 3% for the

second frequency up to almost 6% for the fourth (Table 5.9). These reductions

are consistent with the occurrence of localized small damages at the base of the

tower, as the creation of small cracks or the coalescence of existing micro-cracks

in the masonry structure, which would reflect in a loss of stiffness.

In addition, to confirm that the frequency reduction of the overall structure

could be associated with small damage occurrence, a second FEM was calibrated

on the basis of the new dynamic modal characteristics experimentally observed.

The mechanical properties assigned to the original FEM were obtained after a

sensitivity analysis calibrated on the experimental structural modes identified in

the first five monitoring campaigns. For this new model, the mechanical properties

of the materials were varied to fit the new dynamic reference condition of the

tower. Table 5.10 shows the selected values of mechanical properties assigned

to the FEM before and after the new calibration. For converging to the new

model, Young’s modulus (E) of travertine and masonry was reduced differently

along with the height of the tower. Masonry structures, subjected to earthquakes,
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Figure 5.39: Time histories of identified natural frequencies before and after the
earthquakes of August 24th, 2016 and October 26-30th, 2016.

Table 5.9: Reduction of the natural frequencies before and after the earthquakes
of August 2016 and October 2016.

August 2016 October 2016
Mode No. Before After Reduction Before After Reduction

f f ∆f f f ∆f
(Hz) (Hz) (%) (Hz) (Hz) (%)

1 3.06 3.02 1.31 3.02 2.93 2.98
2 3.48 3.38 2.87 3.38 3.20 5.32
3 3.64 3.51 3.57 3.51 3.35 4.56
4 4.61 4.50 2.39 4.50 4.33 3.78
5 4.97 4.90 1.41 4.90 4.62 5.71
6 5.65 5.53 1.95 5.53 5.24 5.24

are more likely to present damage at the base, taking into account the cyclic

nature of the seismic load that tends to worsen the micro-cracks configuration of

masonry. Therefore the reduction in terms of the Young’s modulus parameters

was differentiated between the first level of the structure where the reduction was

assumed higher, and the other levels of the tower (Table 5.10). The structural

frequencies given by the re-calibrated FEM are 2.98 Hz, 3.29 Hz, 4.44 Hz, 4.83

Hz, and 5.39 Hz (Table 5.11). The re-calibrated FEM describes efficiently the

new damaged reference conditions of the structure, with a maximum discrepancy
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in terms of frequency of 1.2% for the second structural mode, while all the other

structural modes remain within the 1% error (Table 5.11).

Table 5.10: Parameters assumed in the FEM after calibration.

E (N/mm2)
Material Block First level Other levels

Before calibration After calibration After calibration
Travertine 1980 1830 1890

Block 1 2000 1800 1860
Masonry Block 2 1950 1820 1790

Block CT 1940 1770 1790

Table 5.11: Natural frequencies experimentally identified (Automated DD-SSI)
and numerically obtained through the damaged FEM.

Mode Automated DD-SSI Finite Element Model Delta
Number f f ∆f

(Hz) (Hz) [%]
1 2.98 2.98 0.0 %
2 3.25 3.29 1.2 %
∗ 3.41 - -
3 4.40 4.44 0.9 %
4 4.79 4.83 0.8 %
5 5.37 5.39 0.4 %

5.7 Long-Term Monitoring of the Civic Tower

5.7.1 Environmental Effects

Modal properties of masonry structures are typically affected by changes in tem-

perature and humidity. As already seen in the preliminary analysis of the dynamic

response of the structure in section (5.5.1), a dependency of the Civic Tower from

seasonal variations emerged. Here this trend is investigated forward, analyzing the

data recorded during the last campaign (campaign X), in which the temperature

sensor was installed (from July 13th, 2018).

The environmental effect on the modal properties of the structure is inspected,

carrying on two separate analyses. In the first one, a ”seasonal” study is performed
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where the effect of temperature on structural frequencies is studied on the long-

time period range, considering one record per day at midnight. In the second

analysis, a daily investigation, in which eight records per day are analyzed (two

records recorded daily at 07:00 AM, 01:00 PM, 07:00 PM, and 01:00 AM), is

performed to estimate the daily fluctuations of the natural frequencies.

Seasonal Variation

Significant seasonal increases in the structural frequencies from winter to summer

are clearly visible in Figure 5.40: such increments are conceivably associated with

changes in environmental conditions and, primarily, in ambient temperature. It

is noted that the increase of natural frequencies with temperature is caused by

a stiffening effect associated with the closing of microcracks within mortar layers

due to thermal expansion. Consistently the reduction of frequencies related to a

lower temperature is related to microcracks opening. This behavior is consistent

with other literature findings outlining the same trend, especially for historical

masonry towers Ramos et al. 2010; Saisi et al. 2015.

Figure 5.40 shows the six identified natural frequencies versus time and their

oscillations around their mean values (continuous lines) for the entire campaign

X. During that monitoring period, due to a failure in the monitoring system, from

March 18th, 2018 to April 12th, 2018 no data were recorded.

Table 5.12: Maximum, minimum and mean values of modal identified frequencies
during the seasonal study.

Mode Mean Min Max DeltaMin DeltaMax Max Excursion
Number f f f ∆f ∆f ∆f

[Hz] [Hz] [Hz] [%] [%] [%]
1 2.98 2.89 3.07 3.3 3.0 6.3
2 3.25 3.16 3.37 2.8 3.4 6.2
* 3.41 3.30 3.54 3.2 3.8 7.0
3 4.40 4.27 4.59 3.2 4.0 7.2
4 4.79 4.63 4.98 3.5 3.8 7.4
5 5.37 5.21 5.60 3.1 4.3 7.3

Even if for the first seven months of 2018, no temperature data were recorded,

the evolution of the natural frequencies clearly emerges. During winter (December

2017-February, 2018) the frequencies are under the annual average while, from
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Figure 5.40: Time histories of the identified natural frequencies for campaign X.

March 2018, they increase. During summer, they stabilize above the average,

while from mid-August, 2018, to the end of the year there is a decrease of all six

frequencies. All the frequencies vary more than the ±3% around the mean values

(Table 5.12) due to temperature, reaching in some cases also variations of 7.4%

(Table 5.12). From July 2018, the installation of the temperature sensor made

it possible to prove the correlation between frequency variation and temperature

fluctuation. The temperature decreases from a maximum value of around 32°C

during the summer season to a minimum of 16 C during winter, confirming the
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same trend observed for the frequencies in Figure 5.40.

Daily Variation

The second study regarding the thermal effects on natural frequencies was con-

ducted to investigate the sensitivity of the structure to the daily fluctuations of

temperature. A period of 8 weeks, starting from July 13th, 2018, was analyzed.

In this monitoring period, the temperature varies from a maximum of 32°C to

a minimum of 25°C, and it is worth noticing that the minimum temperature is

usually registered at 07:00 AM, while the maximum one at 07:00 PM.

Looking at the identified natural frequencies-temperature plots in Figure 5.41,

it is evident a strong correlation between the temperature and structural fre-

quencies. For each mode, the maximum value of the identified daily frequency

corresponds to the highest recorded temperature (record of 07:00 PM), while the

minimum identified daily frequency is usually at the same time as the lowest min-

imum measured temperature (07:00 AM). For example, on July 15th, 2018, at

07:00 AM (minimum value of temperature recorded for that day) the tempera-

ture sensor registered 29.3°C and the corresponding frequency associated to the

second structural mode f2 was equal to 3.22 Hz. Later on, at 07:00 PM, the

recorded temperature (maximum daily value of temperature) was 31.4°C, and the

corresponding frequency, f2, was 3.45 Hz with a variation of 7.0 % (Table 5.13).

Table 5.13: Maximum, minimum and mean values of modal identified frequencies
during the daily study.

Mode Mean Min Max DeltaMin DeltaMax Max Excursion
Number f f f ∆f ∆f ∆f

[Hz] [Hz] [Hz] [%] [%] [%]
1 3.02 2.96 3.11 2.1 3.0 5.0
2 3.27 3.15 3.45 3.7 5.2 8.6
* 3.49 3.35 3.62 4.2 3.6 7.4
3 4.45 4.29 4.62 3.5 3.8 7.0
4 4.85 4.72 5.03 2.7 3.7 6.2
5 5.43 5.3 5.70 2.2 4.6 6.7
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Figure 5.41: Time histories of temperature and frequencies f1, f2, f ∗, f3, f4 and
f5 from July 13th, 2018 to July 27th, 2018.

Correlation analysis

Correlation coefficients between natural frequencies and temperature data are

summarized in Table 5.14 both for the seasonal and daily study. These results

show a high positive degree of correlation between natural frequencies f1, f2, f3, f4

and f5 and temperature for the seasonal study, with values higher than 0.65. The

same trend can be seen for the daily study, but, although the trend is clearly pos-

itive, the correlation between temperature and frequency appears less pronounced

since computed on a shorter dataset. The relationship between frequencies and

temperature is strongly linear. No correlation analysis has been carried on f ∗

because this mode is not consistently identified over time.

Figure 5.44 shows the correlation matrix computed between the natural fre-
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(a) (b) (c)

(d) (e) (f)

Figure 5.42: Correlation between temperature data and identified natural frequen-
cies f1, f2, f ∗, f3, f4 and f5 for midnight data.

Table 5.14: Correlation coefficients between identified frequencies and temperature
data.

Study Variable f1 f2 f ∗ f3 f4 f5

Seasonal Temperature 0.84 0.69 0.29 0.67 0.87 0.81
Daily Temperature 0.49 0.47 0.34 0.51 0.65 0.53

quencies. Histograms of the variables appear along the diagonal, while scattering

plots of variable pairs appear in the off-diagonal, with the displayed values of the

slopes of the least-squares reference lines. The natural frequencies f1, f2, f3, f4

and f5 show a high degree of correlation within each other, which is related to

their dependency on environmental parameters. All frequencies exhibit a positive

linear correlation with temperature, indicating an increase in natural frequencies

with increasing temperature, in agreement with other literary works (Gentile et al.

2016; Kita et al. 2019) and conceivably attributable to the closing of micro-cracks

within mortar layers due to thermal expansion.
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(d) (e) (f)

Figure 5.43: Correlation between temperature data and identified natural frequen-
cies f1, f2, f ∗, f3, f4 and f5 for daily analysis.

Figure 5.44: Correlation matrix between frequencies.
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Cepstral Coefficients

The Cepstral Coefficients have been extracted as well from the monitoring data

recorded during the past three years. Before applying the extraction procedure

discussed in Section 3.1.1, the number of triangular filters must be selected with

the value for the cutoff frequency. The number of filters can be set according to

the Fraile et al. criterion presented in the Section 3.1.1 (Fraile Muñoz et al. 2008),

since the sampling frequency adopted to simulate the system response is equal to

100 Hz, M is set to 13. Consequently, as mentioned in Section 3.1.1, the number

of selected CCs (D − 1) is chosen equal to the number of frequency bands M .

Figure 5.45 show the time series of two coefficients extracted from channel 2.

The coefficient c3 presents a main drop right after the earthquake series of shocks

on January, 18th 2017. The epicenter of the seismic events was in Capitignano

which is 38.5 Km far from Rieti. The variation is clear with the Cepstral Coeffi-

cients, while it did not emerge so evidently looking at the frequencies. Additionally,

the third coefficient, exhibit a seasonal trend that matches the temperature fluc-

tuation observed in the frequencies. On the other hand, the eleventh coefficient

c11, is consistently more stationary, revealing an important reduction after the

earthquake occurred on August, 24th 2016, and a smaller jump in correspondence

of the one that took place on January, 18th 2017. Unlike the third coefficient, c11,

does not exhibit any seasonal changes remaining substantially stationary.

Figure 5.45: Cepstral Coefficients c3 and c11 time series for channel 2
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5.8 Conclusions

This chapter has introduced the comprehensive monitoring campaign of the Civic

Tower of Rieti, which is led by professor Maurizio De Angelis and his research

group at ”Sapienza” University of Rome. The monitoring campaign provides a

wealth of data that can now be used to make the first steps towards using real

monitoring data for SHM. This structure forms the main case study in this thesis.

In the next chapters the data from this campaign will be investigated in more depth

and attempts will be made to understand what constitutes a normal structural

response in the face of changing operational and environmental conditions. It will

be analyzed also what kind of dynamic response the structure shows after the

occurrence of low-magnitude earthquakes, investigating the consequent integrity

level of the tower after the seismic shocks.

This section presents the development and results of the implementation of

a simple vibration-based continuous SHM system installed in the historic Civic

Tower in Rieti equipped with a NC TMD in order to dynamically characterize

the structure and start a continuous real-time diagnostic process. The permanent

SHM system comprises of six high-sensitivity accelerometers installed on the last

floor of the tower and the mass of the TMD system, one temperature sensor, and

a data acquisition system located inside the tower. A fully automated vibration-

based SHM procedure has been proposed and implemented, based on Stochastic

Subspace Identification, that allows tracking any variation of the modal charac-

teristics over time.

The initial reference state of the structure is obtained by the analysis of the

acceleration response recorded during the first five monitoring campaigns, consid-

ering two different types of test, AVTs and FVTs. The first five modes of vibration

of the structure are identified in the frequency range up to 6 Hz. An additional

frequency, f ∗, around 3.5 Hz, turned out to be the least stable in the automated

identification: this information is also confirmed by the low rate of successful iden-

tification associated with this frequency along the entire monitoring period. The

introduction of a FEM has validated the model characterization of the structure

derived from the AVTs. Such a model helped to optimize the monitoring system

for the following campaigns and gave information about the modal behavior of the

structure equipped with a TMD. The comparison between the structural experi-

mental response and the corresponding one derived by the FEM confirmed that
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in the operational conditions the mass of the passive control system is supported

by two lateral walls, making the TMD system rigidly connected to the tower.

The use of an automated modal identification algorithm allowed to continu-

ously identify the structural frequencies during the monitoring campaigns under

operational conditions. The accuracy in the identification of the modal character-

istics was consistently high making the identified frequencies a reliable, sensitive

feature for damage assessment, strengthened by the capacity of spotting high vari-

ations of the frequency values after seismic events. Several variations have been

noted in the dynamic behavior of the Civic Tower after the occurrence of the major

seismic events in 2016.

Right after earthquake shocks, all natural frequencies exhibited consistent de-

cays, which suggested that some damage occurred within the tower. Unfortu-

nately, the structural conditions of the tower prior to the 2016 event were un-

known, and so it was impossible to make any quantitative comparison of the two

scenarios before and after the earthquakes. The FEM was re-calibrated on the

basis of the new data recorded after the earthquake, introducing a reliable local-

ized damage scenario at the base of the structure, which reinforced the hypothesis

that those shifts in frequencies were due to damage occurrence. An additional

investigation on the response of the structure during the seismic event revealed

that the passive control system got activated and worked favorably towards the

reduction of the structural vibrations.

Thanks to the great wealth of recorded data, it was also possible to investigate

the effects of changes in environmental conditions on the natural frequencies. Two

temperature-driven types of frequency variation phenomena have been observed:

daily fluctuations and seasonal variations. It was highlighted how simple temper-

ature fluctuations could cause pronounced frequency variations in structures that

present masonry components due to the opening/closing of cracks. This trend is

also observed in the statistical correlations between frequencies and temperature

and between the frequencies themselves.
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Chapter 6

Conclusions

This dissertation addressed how choosing the correct DSFs, represents the key

point in any damage detection strategy, to carry on robust vibration-based SHM

campaigns. DSFs should be quickly derived from the vibration response of a

structure, with low computational requirements and without any dependency from

the users expertise. Additionally, these features need to be highly sensitive to

damage to be considered efficient. However, at the same time, they should be

insensitive as much as possible towards temporary or seasonally variation of the

structural properties that fall into the common behavior of structural systems.

In this dissertation, two different families of DSFs were investigated, looking for

suitable indicators to be used for vibration-based damage detection methodologies

in civil structures.

The first group of DSFs, represented by the modal parameters, was discussed

in Chapter 2. The original contribution of this section of the work was to develop

an user-unsupervised automated approach for the extraction of modal parameters.

The proposed approach gives similar results as in manual analysis, and it does not

contain parameters that rely on the users expertise.

The proposed approach consists of five steps: (a) run of the DD-SSI for dif-

ferent values of users defined parameters; (b) hard validation criteria for certainly

mathematical modes; (c) elimination of noise modes; (d) clustering of remaining

modes & outliers removal; (e) selection of the representative modal quantities.

The proposed methodology is built to minimize the interaction with the user

and reduce the uncertainty in the parameters identification. Indeed, the user-

dependent choices and parameters selection are driven by precise rules. Among
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the automated procedures based on the SSI algorithm available in the literature,

this is the first approach in which the asymmetric partition of the Hankel matrix

is taken into account. The novel contribution stays, also, in the clustering step,

where two alternatives are given to the user for clustering the structural modes. A

blind k-means approach, where the Mahalanobis Square Distance is used to check

the similarity between the modes is presented. Then, the DBSCAN algorithm is

tested and adopted as an optimized choice to carry on the clustering step. These

two approaches depend on very few parameters which do not depend on the user

expertise at all, allowing to carry on an user-unsupervised methodology.

The proposed approach is tested in the final chapter of this dissertation, Chap-

ter 5, where it is validated on monitoring data collected during the long-term mon-

itoring of the Civic Tower located in Rieti. The tower is monitored by the research

group supervised by professor Maurizio De Angelis, in the Department of Struc-

tural and Geotechnical Engineering at Sapienza University of Rome. Here, the

unsupervised approach showed to have a great potential and offers all the right

characteristics to be easily implemented within a long-term monitoring system,

providing robust modal information.

The second group of DSFs was discussed in Chapter 3. Here the use of audio

indicators, commonly adopted in the field of speech and speaker recognition, as

novel damage sensitive feature in civil applications is investigated. An adapta-

tion of Cepstral Coefficients and MPEG-7, which are commonly used to give a

compact representation of the speechs signal, is presented. CCs coefficients have

been rarely used for civil applications, and the MPEG-7 NASE features have never

been adapted to civil structures before. The ease of extraction of these features,

which requires minimal user expertise, represents an important advantage over

other more popular features and makes the Cepstral features and the MPEG-

7 NASE particularly convenient for implementations into automatic structural

health monitoring routines. The potential of these features is here tested consid-

ering them within a damage detection algorithm that is developed according to

the training and testing scheme, typical of pattern recognition applications. The

damage detection algorithm employs the Mahalanobis Squared Distance to solve

the Structural Health Monitoring assignment. The method was validated by using

simulated data of a shear-type system. The performance of the proposed features

was compared with frequencies, which have been largely used to solve the task of

structural damage detection.
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Results demonstrated that both Cepstral Coefficients and MPEG-7 NASE out-

perform frequencies for damage detection purposes when dealing with experimen-

tal data modeled to mimic the operational and environmental variability. More-

over, this optimal performance is given with a very low computational burden

and a small number of user-dependent parameters that need to be set. On the

other hand, the methodology adopted to extract the modal parameters tends to be

computationally heavy or user-dependent. Additionally, within these two audio

features, the Cepstral Coefficients showed to give a better performance.

Chapter 4 focused on the issue of the confounding influence of changing en-

vironmental and operational conditions on technology developed for SHM. This

issue is widely considered as one of the largest stumbling blocks preventing the

practical application of SHM to real-world structures. Here the cointegration

is investigated to attempt to deal with the problem of environmentally-induced

variation in measured structural response. The idea, which originates from econo-

metrics, is to linearly combine response variables to create a stationary residual,

whose stationarity represents the structures normal condition. When monitoring

this residual, a departure from stationarity will indicate that the structure is no

longer operating under its normal condition. This technique showed in the litera-

ture to work beautifully for the most common features adopted for SHM in civil

structures, like modal parameters. The innovative contribution given in this chap-

ter, is, first of all, the investigation of the dependency of Cepstral Coefficients from

environmental variations given by temperature. It is shown how the application

of the IDCT can actually help to reduce the effect of the long-term variation of

some of these coefficients, making them more robust. The second original contri-

bution is given by the application of the cointegration to the Cepstral features to

remove the environmental dependency from those coefficients that vary with the

temperature changes. This goal is here achieved adopting two different regression

models the Support Vector Regression and the Relevance Vector Machine. These

two algorithms allow building linear and nonlinear regression models, depending

on the existing relationship between the analyzed features. They give the possibil-

ity of taking into account the common nonlinear relationships that usually occur

in civil structure between DSFs and temperature.

Chapter 4 introduced the theory behind the Johansen procedure, which finds

the most stationary linear combination of a set of variables under scrutiny. The

ADF test has also been introduced as a stationarity test.
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Although not used for its intended purpose, cointegration has provided a useful

tool for inclusion in an SHM analysis/system. Its advantages lay in the simplic-

ity of the idea. Moreover, there is a vast background of sophisticated research

already carried out in the field of econometrics available for use. Finally, no infor-

mation is being lost as features are created through a combination of monitored

variables. The suggested cointegration procedure can also be implemented where

no measurement of the environment/operational conditions are available. Indeed,

the only stipulation is that the residual should be trained on data coming from

the normal condition of a structure.

In the latter half of Chapter 4, the cointegration process is applied to simulated

data and experimental data. Initially, the numerical study case of a steel cantilever

beam subjected to temperature variation and also to different damage scenarios is

addressed. Here the dependency of Cepstral Coefficients is investigated, and the

application of nonlinear cointegration was able to remove the temperature depen-

dent trend from Cepstral features successfully. Then, the benchmark Z24 case is

used as a motivational example for showing how effective Cepstral Coefficients can

be as DSFs and why the cointegration theory in its nonlinear formulation would

be of benefit in real SHM applications.

The final chapter of the dissertation is dedicated to the structural health mon-

itoring carried on the Civic Tower in Rieti. This structure represents a unique

case study, being one of the few historical mixed structures (masonry-concrete)

equipped with a non-conventional TMD. Moreover, the building is placed in the

central region of Italy, which was affected by a relevant earthquake storm in 2016.

Initially historical and geometrical information is given on the tower, followed by

the description of the monitoring campaigns that were carried on. Here the un-

supervised methodology presented in the first chapter is applied. Initially, the

sensitivity of this approach is tested on a single record, to show how every pa-

rameter influenced the different steps of the methodology. Then the unsupervised

technique is used to perform a long-term monitoring campaign on the structure,

which results to be a robust tool to characterize the tower dynamically. The

novel proposed DSFs proposed in Chapter 2, the CCs, are here extracted from

the monitoring data of the investigated tower, showing a promising efficiency and

robustness towards damage and environmental changes.
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Future Work

Automated Procedure

The implementation of the unsupervised approach to extract modal parameters

from structural vibrations showed to be a robust tool to reduce the uncertainty

usually present in the derivation of these parameters. The methodology proposed

requires a considerable computational effort, especially in the first step of the pro-

cedure, when the DD-SSI algorithm is performed for different combinations of the

parameters. It is therefore important to optimize the choice of the parameters

driving DD-SSI, in order to reduce the computational requirements of the pro-

cedure and narrow the identification to meaningful combinations. Moreover, the

third and fourth steps of the unsupervised approach could be merged into one

single step. The noise removal could be performed at the same time as the cluster

analysis where the noise modes are considered as additional outliers not belonging

to any cluster. This idea requires further investigations.

Audio Features

Cepstral Coefficients showed to be a robust alternative to modal parameters, as

damage sensitive feature. It presents most of the right characteristics that a

damage indicator should have: compactness, the easy extraction process, and

low computation requirements. The dependence of these coefficients from the

temperature variation was studied, and the application of the IDCT showed a
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benefit in the normalization of some of these coefficients towards temperature

fluctuations. An additional effort should be put to investigate the dependency of

CCs from other long-term environmental and operational changes, like humidity

or variation of boundary conditions.

These coefficients happen to be derivable for each channel where the accelera-

tion is recorded; therefore, Cepstral features can be considered local parameters.

A local feature seems a natural and smart choice not only for damage detection

purposes but also for damage localization. However, the ability of these indexes

to give information about damage location has not been investigated yet. This

idea requires further research.

Civic Tower in Rieti

This dissertation is one of the first works investigating data coming from a real

historical tower equipped with a non-conventional Tuned Mass Damper for SHM.

The main aim, as far as data from the tower is concerned, was to learn how

the structure typically responds to the changing environmental and operational

conditions.

The lower modal frequencies are now known and understood well enough to

be able to predict their fluctuation to a reasonable degree of accuracy. These

features could be used to carry on a data normalization approach following the

approach described in Chapter 4. Once an larger amount of data will be available

and processed, it will be possible to construct a regression model and apply the

cointegration technique to build robust DSFs. That model error could then be

used to spot anomalous behavior. At this initial stage of development, the signs

are encouraging that the construction of an SHM system that works in the face of

environmental and operational variations is possible.

At this point, it would be feasible to implement online novelty detectors for

modal frequencies and Cepstral Coefficients. Several novelty detectors for each

measurement type could be applied. For example, the use of response surface

model errors and classic control charts could be explored. The Gaussian process

regression with confidence interval type controls charts or the use of classic control

charts with cointegrated residuals could be an alternative option. Multiple novelty

detectors on the same measurements would enhance confidence in any anomaly
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detection and may help to avoid issues with false-positive identifications of un-

usual behavior. Although the detection of anomalous behavior is a positive step

in the right direction, it is only an initial step as far as the aims of SHM or perfor-

mance monitoring are concerned. A detection of novelty alone is uninformative;

indeed, novelty may occur due to sensor failure, an extreme weather condition,

a performance anomaly, or damage. The next stage in the development of an

SHM system for the civic tower is to be able to identify the causes of an anomaly,

or to be able to detect specific changes in structural condition. Generally, such

challenges require a supervised learning approach and a step away from novelty

detection. This is a challenge in the face of a lack of data available for supervised

learning for the kind of events one may be interested in identifying.

The author envisages that the ability to identify the causes of anomalous be-

havior or structural response, or particular structural behavior, will take consid-

erable effort and time to develop. One way to progress to the next step could be

to use a high fidelity FEM of the tower. The definition of a FEM will allow to

simulate specific damage or performance-related scenarios and, also to simulate

the response of the structure under environmental variations, providing data for

supervised learning.

The scope for further work on the development of a working SHM system for

the Civic Tower in Rieti is broad. Additionally, an obvious limitation when using

modal parameters as DSFs arises from the fact that natural frequencies are well

known to be insensitive to localized damages. This situation is further limited by

the fact that only the first five frequencies are available, as greater sensitivity to

damage scenarios may be gained from higher modes.
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