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ABSTRACT

This thesis investigates the viability of using dgmc-based ‘damage fingerprints’ in
combination with artificial neural network (ANN)deniques and principal component
analysis (PCA) to identify defects in civil engimeg structures. Vibration-based
damage detection techniques are global methodsaendbased on the principle that
damage alters both the physical properties, suchaas, stiffness and damping, as well
as the dynamic properties of a structure. It igdatoee feasible to utilise measured
dynamic quantities, such as time histories, frequeresponse functions (FRFs) and
modal parameters, from structural vibration to dettamage. Damage identification
based on vibrational characteristics is essentafigrm of pattern recognition problem,
which looks for the discrimination between two oone signal categories, e.g., before
and after a structure is damaged, or differencelamage levels or locations. Artificial
neural networks are capable of pattern recognititassification, signal processing and
system identification, and are therefore an ideal in complementing dynamic-based
damage detection techniques. Likewise, PCA haspatecognition abilities and is
capable of data reduction and noise filtering. Whthse characteristics, both techniques
can help overcome limitations associated with mresty developed vibration-based

methods and assist in delivering more accurata@mnast damage identification results.

In this study, two types of dynamic-based damagaetitication methods are proposed.
The first is based on the damage index (DI) me(imatally proposed by Stubbs et al.),
while the second approach uses changes in FRF atadamage fingerprints. The
advantage of using damage patterns from the Dl adetivhich is based on changes in
modal strain energies, is that only measured mbdees are required in the damage
identification, without having to know the completgffness and mass matrices of the
structure. The use of directly measured FRF datachwprovide an abundance of
information, is further beneficial as the executarexperimental modal analysis is not
required, thus greatly reducing human induced srrBoth proposed methods utilise
PCA and neural network techniques for damage feagutraction, data reduction and
noise filtering. A hierarchical network traininghgame based on network ensembles is
proposed to take advantage of individual charestiesi of damage patterns obtained

from different sources (different vibrational modés the DI-based method and



different sensor locations for the FRF-based méthmdthe ensemble, a number of
individual networks are trained in parallel, whioptimises the network training and
delivers improved damage identification outcomesthBmethods are first tested on a
simple beam structure to assess their feasibifity @erformance. Then, the FRF-based
method is applied to a more complicated structareyo-storey framed structure, for
validation purposes. The two methods are verifigd nomerical simulations and
laboratory testing for both structures. As defectsich type damage of different
severities and locations are investigated for tkanb structure. For the two-storey
framed structure, three different types of struatwwhange are studied, i.e. boundary
damage, added mass changes and section reductitageaTo simulate field-testing
conditions, the issue of limited sensor availapiig incorporated into the analysis. For
the DI-based method, sensor network limitationscarapensated for by refining coarse
mode shape vectors using cubic spline interpolateohniques. To simulate noise
disturbances experienced during experimental wgsfior the numerical simulations,

measurement data are polluted with different lewgélshite Gaussian noise.

The damage identifications of both methods are ddorbe accurate and reliable for all
types of damage. For the DI-based method, thetsesiibw that the proposed method is
capable of overcoming limitations of the origindl idethod associated with node point
singularities and sensitivities to limited numbéisensors. For the FRF-based method,
excellent results are obtained for damage ideatifim of the beam structure as well as
of the two-storey framed structure. A major condtibn is the training of the neural
networks in a network ensemble scheme, which operat a filtering mechanism
against individual networks with poor performantke ensemble network, which fuses
results of individual networks, gives results the¢ in general better than the outcomes
of any of the individual networks. Further, the sefiltering capabilities of PCA and
neural networks demonstrate great performanceermptbposed methods, especially for

the FRF-based identification scheme.
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Chapter 1: Introduction

CHAPTER 1

INTRODUCTION

1.1 BACKGROUND

During the years following World War I, the buildj industry boomed worldwide. As
a result, many civil engineering structures are navwill soon be, approaching the end
of their design lives. Since it is economically mpatssible to replace all of these aged
structures, health monitoring and integrity assesgnare necessary to ensure the
reliability of the structures and the safety of fhblic. In civil engineering practice,
current non-destructive damage detection methodsbased, for instance, on visual
inspection, stress waves, ultrasonic waves, X-sgpustics or radiography. Most of
these methods, however, are restricted to locah@tions in limited areas and rely on
a presumption of likelihood of damage in the inspeécareas. When applied to large

structures, these methods are very time-consurmdgastly.

Vibration-based damage identification techniques, asn the other hand, global
methods that are able to assess the condition eofefttire structure at once. These
techniques are based on the principle that damigeys hoth the physical properties of a
structure (e.g. mass, stiffness and damping) akasets dynamic characteristics (e.qg.
frequency response functions (FRFs), natural freges, damping ratios and mode
shapes). Therefore, by analysing a structure’s mymgoroperties from structural

vibration, any damage, including its location ardesity, can be identified.

Over the past three decades, intensive researctbdes undertaken in the field of
vibration-based damage identification, and mangprilgns have been developed. Most
of the work carried out so far use modal data (#natextracted from FRF data) such as
natural frequencies and mode shapes. In the eadysyof dynamic-based damage
detection, resonant frequencies were especiallylpops damage indicators as they are
easy to obtain (Adams et al. 1978; Lifshitz & Rot&869). Unfortunately, in many
cases natural frequencies turned out to be insensit structural damage, especially for
damage of lower severity (Chen, Spyrakos & Venkate395; Trendafilova 2005). For
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field applications, another critical problem is tthr@sonant frequencies are heavily
affected by environmental changes, such as temperat humidity fluctuations (Kim,
Park & Lee 2007). Mode shapes and related functormsarameters are also frequently
used as damage indicators for structural damagectitat. Changes in mode shape
measurements before and after damage are used eéiteetly (Salawu & Williams
1995a) or indirectly as measures of mode shapeatunes (Pandey, Biswas & Samman
1991), modal strain energy changes (Stubbs & Oskgd890a; Stubbs & Osegueda
1990b) or dynamic flexibility (Pandey & Biswas 1994

Particularly promising in the field of mode shameséd damage identification is the
damage index (DI) method (Stubbs, Kim & Topole 19%9ich is based on changes in
modal strain energy. This method is capable oftingaand quantifying damage and
has been applied by many researchers in variolds fend applications with a certain
degree of success. Several modifications of theridtgn have been developed and
verified by analytical and experimental studies diCét al. 2008; Kim & Stubbs 2002;

Stubbs, Kim & Farrar 1995; Stubbs & Park 1996). itesthe reported successful
applications of the algorithm, the method still ls@sne inherent problems, especially
when errors due to measurement noise interferedicesed number of sensors or

experimental modal analysis uncertainties are densd. When the method is applied
to real structures under real testing environmdémbse issues are inevitable. The
presence of measurement noise amplifies the emdr uncertainties from modal

analysis and limited sensors especially affectghentification of damage. Also, the
identification of light damage still remains profviatic and challenging (Barroso and
Rodriguez, 2004; Pereyra et al., 1999).

In recent years, an approach has been proposesetmeaasured FRF data directly to
detect structural damage (Huynh, He & Tran 2005iisthg FRFs to form a damage
indicator may have several advantages. FRFs asercto directly measured data and
one of the easiest to obtain in real-time as tleepire only a small number of sensors
and very little human involved processing (Fang @@ 2005). Measured FRF data are
usually the most compact form of data obtained fnbrational testing, and hence,
they provide an abundance of information on a sinets dynamic behaviour. Unlike
modal parameter methods, FRF-based damage detdetthniques do not require

experimental modal analysis, which involves inteadabour and is very susceptible to
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human error. Due to the high sensitivity of FRFad@t structural changes, they are a
much better dynamic quantity to form damage sigestuResearchers have been
developing damage detection algorithms that uskeeritirect FRF measurements
(Choudhury 1996) or their derivatives such as FRivatures (Sampaio, Maia & Silva
1999), FRF differences (Trendafilova & Heylen 2008)compressed FRFs (Ni, Zhou
& Ko 2006). However, a major obstacle for the usé-RF data is its large size and
complexity. Further, besides being sensitive tacstral changes, FRFs are also
responsive to uncertainties such as measuremesg aod environmental fluctuations,

which can lead to incorrect damage detection.

Most of vibration-based damage identification mehdeveloped can be considered as
some form of pattern recognition approach sincey teeek for the discrimination
between two or more signal categories, e.g. bedackafter a structure is damaged or
differences in damage levels or locations. Artdliaieural networks (ANNs) — a form of
artificial intelligence — simulate the operationtbé human brain and thereby learn by
example and not by following programming rules. ©n@ined, they are capable of
pattern recognition and classification, and areusbbn the presence of noise. These
characteristics make ANNs powerful tools for viwmaal damage identification. With
incorporating ANNs, some critical issues of traahtil damage detection methods can

be overcome, and accuracy and reliability of dandegection can be greatly improved.

In this study, numerical and experimental inveditges are employed to study the
potential of using ANNs in combination with seleti@ynamic quantities for improved
damage identification. Two different vibration-bdstamage identification methods are
proposed. The first one is based on the DI methddle the second approach uses
changes in FRF data as a damage indicator. Bothaaetutilise principal component
analysis (PCA) and neural network techniques famalge feature extraction, data

reduction and noise filtering.
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1.2 RESEARCH OBIJECTIVES

The main aim of this research is to develop novdiNAbased damage detection
methods for localisation and severity estimationcivil engineering structures. The
capabilities and limitations of employing ANNs inibkation-based damage
identification are investigated using numerical axgerimental studies. The specific

objectives of this research work are:

1. To develop ANN-based damage identification methaxlgtable for civil
engineering applications.
* To determine suitable dynamic-based damage fingespto be used as input

patterns for ANNSs.

» To study selected vibration-based damage pattendst@ generate optimised

input parameters for efficient ANN training.

e To investigate different tools for use in featusdraction and noise reduction,
such as PCA, and to study their limitations andhbdjties.

* To design superior ANN systems, such as hierarchieaworks in network

ensembles, for optimised network training.

2. To develop finite element models to verify numdhicahe proposed damage

identification methods.

« To apply the proposed damage detection techniques simple and a more

complicated numerical structure.

* To consider real testing limitations such as meament noise and limited

number of sensors.
« To investigate various types of damage scenarios.

3. To conduct laboratory investigations to validateperxmentally the proposed
damage identification methods.

* To investigate the applicability of the developeahdge detection procedures

on laboratory structures with real life testing dibions.
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1.3 RESEARCH SCOPE

This research is concerned with the use of ANNsilwation-based damage detection

for improved damage identification in civil engimeg structures. The scope of this

study is limited to the following areas:

1.

The investigation of existing vibration-based damdgtection methods used in civil
engineering applications.
The development of novel ANN-based damage ideatiftd methods suitable for

civil engineering structures.

. The investigation of factors that influence thefpenance of damage identification,

especially those associated with field applications

. The investigation of techniques and proceduresnimrovement of reliability and

accuracy of damage detection.

. The numerical verification of proposed damage idfieation methods with finite

element models.

. The experimental validation of developed damageediiein procedures with

laboratory structures.

1.4 SUMMARY OF CONTRIBUTIONS

The principal contribution of this study is the depment and verification of novel

vibration-based damage identification methods vifitegration of ANN techniques.

The original contributions of this research worglude:

1.

A new ANN-based damage identification algorithm dsveloped with modal
parameters as input parameters. The proposed pracautegrates ANNs (in the
form of network ensembles) and PCA to improve thgimal DI method for damage
localisation and severity estimation. Through tepasation of the damage indices
based on their mode shape origins, individual dtarestics of the indices are
preserved for enhanced damage patterns and effioggwork training. Through the
employment of network ensemble techniques, anliggeit means is adopted to
analyse prediction outcomes from individual netvgodnd to give final superior
damage identification results. The new algorithm cepable of reliably and

accurately determining locations and severities dainage while overcoming
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limitations of the original DI method associatedhwnode point singularities and

sensitivities to limited number of sensors.

2. Another novel ANN-based damage detection algorithrdeveloped using FRFs as
input features for neural networks. Extensive sisdin the characteristics of FRF
data from different measurement locations as wellFRF summation functions
(obtained by summing FRF data from multiple mea®ser# locations) provide an
understanding of the effects of damage on indiviéiiREs. This understanding led to
the development of the FRF-based damage identdicanethod, in which FRF data
from different measurement locations are analysgrrately to take advantage of
their unique characteristics. Residual FRFs, wilaghdifferences in FRF data from
the undamaged structure and the damaged structtadger than direct FRF
measurements are utilised as damage indices im twdenhance damage features
and reduce excessive information. PCA techniquesarployed to reduce the size
of input data for effective network training and filber noise features. Individual
neural networks are trained separately with PCAmassed FRF data from
different measurement locations to produce optimealvork outcomes. The fusion of
the outcomes from individual networks using netwensemble techniques provides

a superior means to give surpassing damage idexidn results.

3. The introduction of PCA and ANNs enhances damaggems and reduces
uncertainties from sources such as experimentabhtrathlysis, measurement noise,
experimental imperfections and environmental effeBP{CA and ANNs have strong
noise filtering capabilities and are able to sefgatlbminant data set characteristics
from unwanted irregularities. For both developedhdge identification techniques
(one based on the DI method and the other baseldRbndata) noise sensitivity
studies showed that PCA and ANNs are effectiveeducing the effects of noise and

thereby providing more reliable damage identificatiesults.

4. Both developed methods are validated on numerindlexperimental models. Two
such models are used: a simple beam structure amd-storey framed structure. In
numerical modelling, real testing limitations, stehmeasurement noise and limited
number of sensors, are incorporated to simulatk lifeaconditions as closely as
possible. In an extensive experimental programt &eel beams and a two-storey

framed structure are dynamically tested and andlyS&uctural changes of various
6
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types (i.e. section reduction damage (of differterities and locations), boundary
condition damage and added mass changes) are ungodo the structures and

successfully evaluated by the developed damagéfidation methods.

1.5 OUTLINE OF THESIS

This thesis consists of nine chapters, organisddllasvs.

Chapter 1 gives an introduction to the work, thgotives of the study, the scope of the
work and the contribution to knowledge.

Chapter 2 provides a literature search and an @werof existing vibration-based

damage identification methods, with emphasis oordlgms using ANNS.
Chapter 3 gives some theoretical background on AalMsPCA.

Chapter 4 presents modal testing and experimerddbhanalysis (MT&EMA) of two
test structures: the simple beam structure andtwestorey framed structure. It
describes the fundamentals of MT&EMA, introduces thst structures, explains the

damage scenarios and presents the dynamic chatcseobtained from MT&EMA.

Chapter 5 describes the finite element modellintheftwo test structures and presents

their dynamic properties obtained from transieratlysis.

Chapter 6 gives the theory, background and metlggobf two proposed damage
identification methods: the Dl-based method and #RF-based method. Both
techniques are complemented by ANN and PCA teclesidor pattern recognition and

noise reduction.

Chapter 7 presents the damage detection resutlte divo proposed methods applied to
the beam structure. Both methods identify locatiand severities of section reduction
damage from data obtained from numerical simulatemd laboratory testing.

Chapter 8 discusses the results of the proposedbeR&d damage identification
method applied to numerical and experimental dathetwo-storey framed structure.
Three types of structural changes are investigatedndary damage (i.e. change of
joint connections from fixed to pinned), added mabkanges and section reduction

damage.

Chapter 9 summarises the work of this thesis, drawaclusions and gives

recommendations for future work.
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CHAPTER 2

LITERATURE REVIEW ON VIBRATION-BASED
DAMAGE IDENTIFICATION METHODS

2.1 INTRODUCTION

This chapter details some of the most significantkwegarding the development of
damage identification methods in various engingedpplications. The findings from

the previous work, by other researchers, serva@asbtivation and the base on which
the original research offered in this study is foeah.

The chapter opens with general remarks pertaininghé ever increasing need to
strengthen, repair or replace all ageing infrastmécdue to different kinds of damage or
defects commonly found in civil engineering struess Before reviewing methods of
damage identification, four levels of damage idesdtion are introduced. Then, an
overview is given on methods that were developedr dlie past three decades to
characterise structural damage by examining chaimgegasured dynamic response. It
follows with specific literatures of artificial neal networks (ANNS) in the field of
vibration-based damage identification. And finallyt identifies research and
development needs that are addressed in this thesis

2.2 GENERAL REMARKS

Nowadays, many existing civil engineering structusee aged and decayed due to
harsh climatic conditions, ageing materials, owatiog or inadequate maintenance
(Chong, Carino & Washer 2003). To ensure the riiigtof these structures and the
safety of the public, health monitoring, condit@ssessment and safety evaluation have
become necessary. According to the U.S. Departmieitansportation (2006), about
25% of the almost 600,000 bridges in the UnitedeStare structurally deficient. It is
estimated that these bridges would need more th#d $72 billion (US $65 billion) of
investment for replacement or otherwise addresshey existing deficiencies. In

Australia, there are about 50,000 public bridgessthof which are considered old and
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functionally obsolete (Connor 2007 quoted in Sumibo2009). Many of them do not
meet the current requirements given in the Austnalbtandards. Combining all these
factors, there clearly exists a major challengethe civil/structural engineering
community with the higher risk of bridges collagsiifi their structural deficiencies are
not identified early enough to undertake any stilemgng or remedial action. The
collapse of the 1-35W Bridge in Minneapolis, Mino&s U.S. in 2007 provided a
reminder, for the governments and the civil/streadtilengineering community alike,
about the importance of structural health diagesstccording to the Australian public
road departments (Engineering 2008 quoted in Sunatd009), it is estimated that on
average more than AUD $220 million per annum icated solely to bridge
maintenance. A recent survey by the Roads andi@ ratithority (RTA) of New South
Wales (NSW) found that about 63% of their bridgesevdeemed to be unsatisfactory
and requiring repairs and remedial work. It is appa that techniques of damage
identification and structural health monitoring arecessary for better routine
maintenance of the current ‘distressed’ civil isfracture in Australia and other parts of

the world.

2.3 AN OVERVIEW OF DAMAGE IDENTIFICATION

The fundamental concept of damage identificatiom loa defined as ways or methods
that are able to capture the changes in structthalacteristics due to damage or
degradation. Damage can be broadly defined as elamgcurring within a structural
system that negatively impact on the current ourfutperformance of that system. In
general, damage identification methods can be cassgl as global or local techniques.
Traditional local damage identification methodsalgurequire that the vicinity of any
damage is known before damage identification, &ad the location of damage being
inspected is easily accessible. Subject to suditaliions, these local methods can detect
damage on or near the surface of a structure. Henvevthe case of health monitoring
for civil structures, information regarding damage usually not available before
damage identification, and the location of damagay rbe inaccessible. This fact
accounts for the development of an altogether mdiffe paradigm of methodology:
global damage identification methods. These methwdee developed in order to
facilitate the analysis of complex structures (Satnal. 2003). Hence, this chapter
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presents an extensive review of vibration-basedag@rdentification methods of a

mainly global nature.

In general, the main objectives of non-destructlaenage identification schemes are to
identify structural damage at a very early stagdptate the damage within the sensor
resolution being used, to provide some estimatthefseverity of the damage and to
predict the remaining lifetime of the structure aitit causing harm to the structural
integrity. These objectives led to the four leMalssification system presented by Rytter
(1993):

Level 1: Determination of the presence of damage.
Level 2: Determination of the geometric locatidritee damage.
Level 3: Quantification of the severity of the dage.

Level 4: Prediction of the remaining service bfiethe structure.

To date, vibration-based damage identification m@shthat do not use any structural
model primarily provide Level 1 and Level 2 damadentification. When vibration-
based methods are coupled with a structural mageiel 3 damage identification can
be obtained. Level 4 prediction is generally assted with the fields of fracture
mechanics, fatigue-life analysis, or structuraligiesassessment (Doebling, Farrar &
Prime 1998). The scope of this research is to peoizevel 2 and Level 3 identification.

2.4 PREVIOUS LITERATURE REVIEWS AND SURVEYS

A comprehensive literature review on vibration-lthsiamage identification methods
covering the period 1968 to 1996 was carried ouDbgbling et al. (1996). This review
covered a wide range of damage identification mithasing various vibration-based
damage identification techniques. The focus of ridew was on damage-induced
parameter changes, such as resonant frequeneieibjlity, and mode shapes and their
derivatives. It is important to note that methodsng mode shapes, mode shape
curvatures, modal strain energy and their deriestiiave been widely researched and
applied to real life civil engineering structurascls as bridges. Doebling et al. also
discussed some important areas such as intellgyetém-based methods and methods
that are widely used in other engineering practisdich have recently found

application in civil engineering structures (Ch00Z).
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Some review papers addressing damage identificatidnrelated issues, such as Farrar
and Doebling (1997) and Doebling, Farrar and Prir898), reported an overview of
modal-based damage identification methods. An axtenreview on using natural
frequency data to identify structural damage wawiped by Salawu (Salawu 1997).
The advantages of using natural frequencies atetlibg are easy to implement and the
cost involved is relatively low. Bishop (1994) rewied several applications of neural
networks in vibration-based damage detection agdide to the neural literature was
also appended. Expanding on Bishop’s (1994) liteeatist, a thorough review of the
most recently published ANN-based studies is predith section 2.10 of this thesis.
Housener et al. (1997) pubished a comprehensivevieve on the state-of-the-art in
structural health monitoring for the past two dexsgdwherein they indicated the
importance of damage identification in civil engin@g structures. Online damage
identification and health monitoring techniques @@aminated composite structures
were reviewed by Zou, Tong and Steven (2000). Adgx(2002) provided an extensive
review of the developments, during the 1980s an8049 in structural dynamic
modification techniques, related to damage idamaifon. An extensive review of the
use of new techniques in structural health momtprvas undertaken by Sohn et al.
(2003). This review identified the need to improstuctural health monitoring
applications in real engineering structures. Carmsh Fanning (2004) also presented a
review on vibration-based condition monitoring,aafollow-up work to the broad and
extensive review done by Doebling et al. (1996). dverview of fault identification
using intelligent systems was presented by Wordah @ulieu-Barton (2004). This
work encompassed the taxonomy of the relevant gasce damage identification,
operational evaluation of a hierarchical damagentifleation scheme, sensor

optimisation and data processing methodology baseathta fusion methods.

In an effort to focus on relevant research worls titerature review is presented in the

following categories.

» Natural-frequency-based methods
» Damping-based methods
¢ Mode-shape-based methods
- Direct mode-shape-based methods

- Mode-shape-curvature-based methods

11
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- Flexibility-based methods

- Modal-strain-energy-based methods
» Frequency-response-function-based methods
* Time-domain-based methods

+ Artificial-neural-network-based methods

This review focuses mainly on papers and articlddiphed after the year 2000, though
any articles and papers published prior to 2000 emaksidered pertinent are also
included. Readers interested in the finer detdildamnage identification developments

are referred to the reviews and surveys mentiobedea

2.5 NATURAL-FREQUENCY-BASED METHODS

In the late 1970s, the consideration of the physitangible relationship between
stiffness, mass and natural frequency changesheasipetus for using modal methods
in the identification of damage. In theory, whem@dae occurs, the natural frequencies
of a structure decrease. Since the early work xéensive amount of research has been
undertaken that utilises changes of natural fregesnas damage indicators. It is not
only the most researched subject in vibration-bakedage identification but also the
most widely applied approach. The main reasontfogieat popularity is that natural
frequencies are rather easy to determine withadively high level of confidence and in
many applications only a single sensor is requi(€hoi 2007). Also, natural
frequencies have much less statistical variatiomfrandom error sources than other
modal parameters, which makes them a more robumtsna the assessment of damage
(Doebling, Farrar & Prime 1998).

Natural frequencies, however, are in general aalploperty of a structure and cannot
provide spatial information about structural changenhus, the identification of damage
at Level 2 and Level 3 is considered challengingly®igher modes, which due to the
nature of their mode shapes, can be associatedlodg#h responses, are feasible for
Level 2 and Level 3 damage identification. Highergiency modes, however, require
more energy to excite than lower frequency modeésaae thereby impractical for many
structural applications. Multiple frequency shiftan also provide spatial information
about structural damage. This is based on thetatichanges at different locations of a
structure will cause different combinations of matdrequencies to change. In practical
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applications, however, often only a few naturalgérencies with significant enough
changes are available, which in general is notigefft for the localisation of the
damage (Doebling, Farrar & Prime 1998).

Another drawback of the utilisation of natural fueqcies is that the somewhat low
sensitivity of the frequency shifts to damage reggieither very precise measurements
or large levels of damage (Doebling, Farrar & Prit888). Also, these methods cannot
distinguish damage at symmetrical locations in mrmgtric structure, and the number
of measured natural frequencies is generally lothan the number of unknown
parameters, resulting in a non-unique solution (@Kka2003). A major handicap for the
application in real structures is that natural freacies are easily affected by
environmental changes such as temperature or hiyrfligituations. All these obstacles
have led at times to unrealistic damage predictinen only natural frequencies were
used (Maeck 2003).

Amidst some drawbacks in using natural-frequensetda methods for damage
identification, Friswell and Motterhead (2001) meted some very useful observations
on selecting an appropriate range of natural fregies to identify damage. The range
of frequencies employed in locating damage was rtepgoto greatly influence the

resolution of the results. For the lower frequenayge, which usually corresponds to
global modes, the vibration sensors may be mouavesly from the damage site and
thus fewer sensors may be used to successfullytiigedtamage. Nevertheless, the
problem with low frequency modes is that the spatevelength of the modes is large,
and therefore a significant change between twocadfapotential damage sites may be
necessary in order to identify the damage. Thdbrslow frequency modes, the spatial

wavelength of the mode can lead to poor damagdifb@ton results.

Although using natural frequencies to identify dgeaan be difficult in practice, some
researchers have made great progress in thisareaand Stubbs (2003) developed a
crack-location model to locate cracks and estintht#r size in beams using any
available natural frequencies. The method can ifyentack size and location with
small marginal errors. However, the method is awdito identifying only cracks in
beams, and it is not clear whether the method pdgtform well on different types of

damage or on different structures.
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Ndambi, Vantomme and Harri (2002) performed expental tests in order to evaluate
the correlation between the progressive crackiraggss in reinforced concrete (RC)
beams and the changes in their dynamic charaatsridh their tests, cracks were
progressively induced in the RC beams using acskadiding method. Each static test
was followed by a dynamic test on the same beain avéimulated free-free boundary
condition. The results demonstrated that the aedumatural frequencies were affected
by the accumulation of cracks in the RC beamsiliege changes were not influenced
by the crack damage locations. It was also notatlttfe decrease in natural frequencies
remained steady throughout the cracking processg;hwdllowed the severity of the
damage to be estimated.

Garesci, Catalano and Petrone (2006) reported doadetogy for identifying the

location of damage. In the method, damage locatieere determined through analysis
of the mode shapes corresponding to those nattegldéncies which presented the
highest percentage differences compared to thenuagled system. The method was
applied first on rectangular plates that had aedilklot in different positions, and
afterwards on mechanical components. The resulbsvesth that it was possible to
identify the damaged zone using the developed rdethtbwever, to obtain clear

evidence of damage, an appropriate choice of chiforseale for the graphic output was

required.

Kim et al. (2003) developed a frequency-based dantgection (FBDD) method to

identify the location and size of damage. The FBM&thod is based on two ratios: the
fractional change in natural frequencies due to atgemand the fractional change of
modal energy (sensitivity). The two ratios wereduseform a single damage indicator
that would locate the damage using a localisatroor @orm. Damage is located when
the single damage indicator approaches its pealdetermine the size of damage, an
algorithm based on Euler-Bernoulli beam theory wesgeloped using the relationship
between fractional changes in modal strain energy faactional changes in natural

frequency. The change in the modal strain energy tudamage could then be
correlated with the energy loss rate. Eventuallis ted to a relationship between crack
depth and fractional change in natural frequendies. FBDD method was found to be
capable of predicting a rough range for single dgmkncation. It also displayed a

symmetrical false positive (prediction of locatiathstt were not damaged) for damage
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at ¥4 span. For estimating the size of damage, #tbad produced errors ranging from
2% to 57%. The method was reported to work conaldgrwell for single damage

scenarios but multiple damage scenarios were raiteased. The attempt to quantify
the damage size using changes in frequency wasealsouraging but more work is

required to make the method viable.

An extension of the work of Kim et al. (2003) wamnd by Kim, Park and Lee (2007).
The authors performed experimental tests usingralafuequencies to predict the
severity of damage. In addition, the authors alsedtto filter the effects from

environmental factors such as temperature fluanoati A statistically based control
technique was used to monitor the damage in thespeimen subjected to different
temperatures. As the structure experienced chamgdemperature, the mean and
variance of the acquired natural frequencies atsmged. A control chart consisting of
natural frequencies versus temperatures was thened. The existence of damage
was predicted if any obtained natural frequencedk dutside the determined control

limits.

2.6 DAMPING-BASED METHODS

Damping, being one of the modal parameters ofuttre, has also been used in a few
applications as an indicator for damage. Theorgticavhen damage occurs in a
structure the damping ratio increases. One majstaglke, however, is that at present the
determination of the damping ratio in real struetuis still very unreliable. This

explains why damage identification based on damgagors is still not widely

developed. Though some attempts have been madeetodamping as a damage
indicator, most studies have failed to observe earclkelation between the damping

values and the damage.

Salane and Baldwin (1990) performed a dynamic oesia steel girder bridge with
concrete decking to measure the steady-state respord the natural frequencies. The
results of the test showed that damping ratios \adfiected by deterioration but they
were unreliable as a damage indicator, becausdréne was inconsistent with the
severity of inflicted damage. This finding was damied by an experimental study by
Farrar and Jauregui (1998), wherein the damping stieel plate girder bridge did not

consistently increase or decrease as damage yanerigased.
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Salawu and Williams (1995a) performed dynamic testgoncrete highway bridges to
investigate any correlation that may exist betwdenrepair works and changes in the
dynamic characteristics of the bridges. The reslltsved that there was no identifiable
pattern to the changes in damping ratios causatdyepairs. Four pairs of reinforced
concrete beams were used by Casas and Aparicid)1®9damage identification tests.
The results of the tests revealed no obvious drelettionship between damage and

damping ratios.

Even though inconsistency in changes of dampingsdtave been noted previously
and many researchers believe that damping is aaliaiole indicator for damage

identification, Abdul Razak and Choi (2001) drewitierent conclusion. In their study,

three reinforced concrete beams, one undamagedhancemaining two subjected to

different states of reinforcement corrosion, weyeainically tested. The results showed
that with increased damage severity, the dampitigsrdor modes 2 and 3 increased
considerably. The authors concluded that the dagnptios of the second and third
modes reflected a pattern consistent with the ggwerthe corrosion damage.

2.7 MODE-SHAPE-BASED METHODS

The mode shape is a unique characteristic of atenal system. Many researchers
suggest that mode shapes be a far more consistdnsagisfactory damage indicator
than natural frequencies and damping ratios. Aelangmber of damage identification
methods have been developed based on directly meehsuode shapes or their
derivatives. The direct comparison of mode shapes @her modal-based damage

identification methods are also used for structbealth monitoring (Mufti 2001).

2.7.1 Direct Mode-Shape-Based Methods

A mode shape is a deflection-pattern associateld aviparticular natural frequency. It
represents the relative displacement of all pafrta structure for that particular mode
and can thereby provide spatial information. Normalde shapes (for structures with
low damping) are characterised by the fact thapatts of the structure are moving
either in-phase or 180° out-of-phase with eachrothikey can thus be thought of as
standing waves with fixed node lines (Dgssing 1988 structure is locally damaged,

mode shape changes will occur in the vicinity @fttltamage. Therefore, a comparison
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between two sets of mode shape data (either dimede shape measurements or their
derivatives) can be used to identify damage.

Two commonly used methods to compare two sets adenshapes are the Modal
Assurance Criterion (MAC) and the Coordinate Moéissurance Criterion (COMAC).

The MAC value can be considered as a measure @lirthiiarity of two modes. For the
mode shape vectorg* and ¢ (e.g. mode shapes in the undamaged and damage)d sta

the MAC is defined as

2

> oef
MAC,,; = — iﬂz — (2.1)
(o) (o)

=1 j=1

with n being the modal degrees of freedom. A MAC valué of a perfect match and a
value of 0 means they are completely dissimilauslta reduction of the MAC value
may be an indication of damage.

The COMAC differs from the MAC definition in the wahat it gives a pointwise
measure of the difference between two sets of nsbdgpes. The COMAC value at

modal co-ordinaté for n modes is defined as

2
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A low COMAC value would indicate discordance atrmdi and thus is also a possible

damage location indicator.

Research that utilised these two techniques gawveewbat good results in the
identification of damage. The techniques were, haremainly applied to numerical
models, and superseded in recent times by methadste more sensitive to damage.
The MAC and COMAC approaches are still being usedthe field of damage
assessment for model updating or calibration oitefinelement modelling with

experimental data (Choi 2007).
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Abdul Razak et al. (2001) developed a simplifiedsien of the Laplacian Operator

suggested by Ratcliffe (1997) to identify sawcundge for a reinforced concrete beam.
The simplified Laplacian Operator utilises the eliéince in discrete functions of the
mode shape displacements to detect single locatlaethge. The results showed that
the method performed better than its original fovkith the use of higher modes, crack
locations could be identified for less severe cashe advantage of the method is that it
does not require a comparative data set to deterthi@ damage locations for single
damage scenarios. However, the spacing of the sensed in the study was relatively
small (only 40 mm, covering a span length of 2,800) and it is uncertain how well

the method would work if fewer sensors were employirther, the work was done for

a simple beam and multiple damage cases were smistied.

Ching and Beck (2004) studied damage identificatinod assessment of a test structure
using pre and post damage mode shape data, whighostected in hammer impact
and ambient vibration dynamic tests. The experialet@ists were performed on nine
configurations. Configurations one to six were brhcases, with configuration one
being the undamaged case; configurations severin® were unbraced cases, with
configuration seven being the undamaged case. lforbtaced cases, damage was
simulated by removing braces, and for the unbraesds, the damage was simulated by
decreasing the rotational stiffness of some bedommuo connections. In the results, the
brace damage was detected and assessed, eithaéndromer or ambient vibration data.
However, the connection damage was much more wliffio reliably detect and assess,
because the identified modal parameters were lessitsve to connection damage,

allowing modelling errors to influence the resuttsre strongly.

Choi, Park and Stubbs (2005) presented a methogéoboglentify the location and size
of damage in a structure using a compliance indéxch represents the change in the
distribution of the compliance of a structure duwe damage. The change in the
compliance distribution was obtained using the geanin the mode shapes of a
structure. A simply supported beam and a continuwus span beam were tested
numerically. A free-free beam was also tested ewpmtally to verify the proposed
method. The results revealed that the compliancdexincould identify single and
multiple damage locations, and the method yielésd Hamage identification error than

the other existing modal energy methods. The rebees also suggested that the
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performance of both damage localisation and sevestimation might be improved
when composite damage indices, obtained from nieltppode shapes, were used

simultaneously.

Ismail, Abdul Razak and Abdul Rahman (2006) fornmedaa method to determine,
experimentally, the damage locations of a singéelcrand honeycombs in reinforced
concrete beams. This indicator — a local stiffriedicator using| A*| derived from the
Euler beam — was obtained by rearranging the emuédr free transverse vibration of a
uniform beam and applying the fourth order centneitle-divided difference formula to
the regressed mode shape data. Five reinforcedaterimeams were used to investigate
the method. The results showed that the indicatas able to identify the damage
location and estimate the damage severity withisaaable error limits, although it was
found to produce a poor indication of damage néar dupports. Furthermore, the
method was applied to single damage scenarios whigh were mode dependent.

Kim, Park and Voyiadjis (2006) proposed a vibratimsed damage evaluation method
using the lower frequency ranged mode shapes. Tior& attempted to develop a
damage identification method that is less mode migpat. Further, the study intended
to resolve the mode selection problem, the singulproblem, the axial force problem
and the absolute severity estimation problem, falllich remained unsolved in earlier
research. The proposed method was successfulroebtimating the relative severity of

damage but did not succeed in locating all levéldamage in a real structure.

Hu and Afzal (2006) used a damage indicator fordleatification of single and double
damage scenarios on timber beams. The damage tmdicas expressed using a
statistically normalised discrete Laplace transfod@rived from the difference of the
mode shapes before and after damage. Using etbédirst or second mode, the method
successfully identified single inflicted damageddterent locations and a two damage
case with equal spacing and a similar level of dgrseverity. However, the method
was not able to evaluate quantitatively the dansamyerity, and it struggled to generate
good results when combining the first and secondesoFurthermore, the results of the
study were based on a dense sensor acquisitioensysthich is costly and time

consuming.
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2.7.2 Mode-Shape-Curvature-Based Methods

Mode shape curvatures have been used in damagtficdion due to the fact that

curvature changes are highly localised to the regid damage. They are more
pronounced than changes in the displacement of nsbd@es themselves and are
therefore more sensitive to damage. Mode shapeattuss changes are listed in
‘Guidelines for Structural Health Monitoring’ publied by ISIS Canada (Mufti 2001)

as one of the structural heath monitoring techrédaecivil engineering structures.

Curvatures are often calculated from the measusgdatements of mode shapes of the

intact and the damaged state using the centrardiite approximation:

" j+ i_2¢i @4y
¢1i — A+ |21 i) (2.3)

with i being the mode shape numbegrthe node number anld the distance between

the nodes.

The use of mode shape curvatures to predict thatitoc of damage has shown
reasonably good results. A comparative researaly stanfirmed that the mode shape
curvature is a far more sensitive indicator thanNtAC or COMAC values of the mode
shapes themselves (Pandey, Biswas & Samman 19%lyewér, most successful
results were obtained from numerical data, andgachallenge is still to determine, in

an accurate way, mode shape curvature from expetaingata (Ratcliffe 1997).

Yoon et al. (2001) utilised a global mathematictiniy method, namely, the ‘gapped
smoothing method’ (Ratcliffe 2000; Ratcliffe & Baga 1998), to identify damage
locations in a beam. The approach used a ‘glob@ngged smooth shape method’ on
mode shape curvatures by subtracting values afdheaged structure from those of the
undamaged structure (Pandey, Biswas & Samman M@hab & De Roeck 1999).
First, the mode shape curvature of the damaged beas obtained by twice
differentiating its mode shape (step A). The smimgtiof the damaged beam mode
shape by a global curve-fitting method (third ordetynomial curve-fitting) was also
carried out. The smoothed mode shape, assumed ftorhehe undamaged state, was
subsequently differentiated twice to obtain the enahape curvature (step B). A

damage index was then formed by subtracting theensbdpe curvature of step A from
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the one of step B. To increase the damage detecéipability, the damage index was
summed up by normalising the curvature change palles. Using a finite element

model and an experimental test, the method was t@blalentify single damage

scenarios of very low damage severity (depth of afgento thickness ratios less than
1%) using the finite element approach, and morereedamage (depth of damage to
thickness ratio of at least 20%) using the expenmtadeapproach. This method showed
that an input from the undamaged state is not requd detect the location of damage.
The method was performed successfully on singleag@nscenarios but no tests were

conducted on multiple damage scenarios or more ngtructures such as a bridge.

Maeck and De Roeck (2002), Maeck (2003), and Unigasighels and De Roeck (2005)
developed a technique utilising the calculated rhbdading moments and mode shape
curvatures to derive the bending stiffness at ebdation. The direct stiffness
calculation technique was developed to calculagembde shape curvatures and torsion
rates without direct numerical derivation using mahapes. Combining the modal
internal forces, this led to a direct estimatiorited reduction in stiffness due to damage
in a structure. The technique was tested on aamiefl concrete beam that was loaded
in six steps by a four point bending static tegn@ing and torsional stiffness decreased
significantly as the damage became more severe. mbthod provided a good

qualitative damage identification, but was lesugate in quantifying the damage.

Hamey et al. (2004) made use of mode shape cuesmtia identify damage in

carbon/epoxy composite beams experimentally. Sme@rbelectric materials were used
simultaneously as sensors and as actuators toractpg curvature of the modes of
structures. These materials were bonded to thasudf the beams. A single location
delamination damage was created on the cantilegebeams. The experimental results
indicated that the curvature modes and piezoetegtaterials can be effectively used in
damage detection and health monitoring for composimple beam structures with

single damage scenarios.

2.7.3  Flexibility-Based Methods

Another class of damage identification methods udes dynamically measured
flexibility matrix to estimate changes in the staliehaviour of a structure. Since the

flexibility matrix is defined as the inverse of tiséatic stiffness matrix, it relates the
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applied static force to the resulting structurapiticement. Therefore, each column of
the flexibility matrix represents a set of nodaglacements of a structure due to a unit
force applied at one of the degrees of freedom (D@Re measured flexibility matrix

F is estimated from the mass-normalised measurece mbdpesy and frequencies

@ as:

F=pAlp Zafww (2.4)

with 4 = diag(w;®) being the matrix of eigenvalues. The formulatiortieé flexibility
matrix is approximate due to the fact that usuéity practical applications) only the
first few modes of a structure are available. Tlyatlsesis of the complete static
flexibility matrix would require the measurement afi of the mode shapes and
frequencies of the system being analysed. Typicdynage is detected by comparing
the flexibility matrix synthesised using the moaéshe damaged structure to either the
flexibility matrix synthesised using the modes ok tundamaged structure or the
flexibility matrix from a finite element model. Baase of the inverse relationship with
the square of the natural frequencies, the meadglaeadility matrix converges rapidly
with increasing values of frequency. Hence, a gesttmation for the flexibility matrix
can be obtained from only a few of the lower fragpye modes (Pandey & Biswas
1994). Thereby, damage identification using fleliipiis most sensitive to changes of

modes in the lower frequency range (Maeck 2003).

Research utilising the flexibility matrix as a dageandicator has demonstrated good
results to date. Besides locating the damage, #thad is also capable of evaluating
the extent of the damage. This, however, has besnlyndemonstrated in numerical

applications with single damage cases. One stuayparing natural frequencies, mode
shapes and modal flexibility applied to a numerfcad degree of freedom spring-mass-
system, found that modal flexibility was the moshsitive to damage (Zhao & DeWolf

1999).

Bernal (2002) presented a ‘damage locating ve¢tV) method to locate damage in
structures that could be treated as linear in cegapre- and post-damage. The method
was developed based on the lack of deterministarnmation on the input data, which
can partially be compensated for by knowledge efdtiucture of the mass matrix. The
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method could be used to identify damage locatioimbgecting stress fields created by
vectors that were contained in the null space efdhange in flexibility. The method
was applied to a planar steel truss, consisting4obars and a total of 39 DOF. The
numerical results showed that the DLV method ordgniified certain damaged

elements.

Gao et al. (2006) extended the damage locatingow€BXLV) method for continuous

structural health monitoring. The essence of tt@esed method was to construct an
approximate flexibility matrix for the damaged stiwre using the modal normalisation
constants from the undamaged structure. In a nealesimulation, a planar truss

structure consisting of 53 steel bars was adoptedetify the method. Damage was
simulated by reducing the stiffness in one elenedrthe truss. The numerical results
showed that the proposed method was able to igeh#f damage location by showing
that the normalised cumulative stress value ofdémmaged element was smaller than
that of the undamaged elements. However, falsdaip®®rrors were generated in the

results, which is not desirable in damage ideratifan.

Patjawit and Kanok-Nukulchai (2005) proposed a agloftexibility index (GFI) for
health monitoring of highway bridges. The index wasmulated using the spectral
norm of the modal flexibility matrix, obtained froselected reference points that were
sensitive to the deformation of the bridge struetun the laboratory investigation, a
simple steel beam and a reinforced concrete beara gedected to test the method.
Different degrees of damage severity were introdume cuts in the bottom flanges at
the mid span of the beam. The results indicatetl tttea GFI value decreased as the
single cut size increased. The GFI method was im@fged on a bridge and the authors
concluded that regular monitoring of the structsiré&Fl value would provide an
advanced warning for any global weakening of thdéda.

Choi et al. (2008) developed a new damage indicatonbining DI and flexibility
methods. The newly developed method was tested neattg and experimentally on
timber beams using single and multiple damage swenalhe results showed that the
method was capable of simultaneously identifyingndge location for up to four
locations for a simple beam structure. The methed wuite accurate in estimating
damage severity for single damage cases but betzsnesffective as the number of

damage locations increased.
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2.7.4 Modal-Strain-Energy-Based Methods

Modal-strain-energy-based damage identification oitigms utilise the relative
differences in modal strain energy before and aftanage. A mode shape stores an
enormous amount of strain energy in a particularcsiral load path. When damage
occurs, the modal strain energy in that load pd#rsadue to the high sensitivity of the
frequency and shape of that mode. By using chaingesdal strain energy as a damage
indicator, not only the damage location but alse tmagnitude of the damage can be
determined. Modal strain energy has been widelgstigated as an indicator in various
fields of damage identification. Several modificas of the algorithm, originally
developed by Stubbs, Kim and Topole (1992), havenlb#eveloped and verified by
analytical and experimental studies. Some formuatiof modal-strain-energy-based
damage identification algorithms are given in set6.2.1. Two studies, both
comparing the MAC, COMAC, flexibility and modal ain energy approaches,
concluded that the modal strain energy method hasnost precise of the four and also
the most stable when different levels of noise waesent. Many obstacles, however,
remain to be resolved. The identification of ligdamage, for instance, is still
problematic (Barroso & Rodriguez 2004; Pereyral.et299). Also, the phenomenon of
false positive damage identifications has been hyideported (Barroso & Rodriguez
2004). Another challenge is the sensitivity to Bopigspecially in the quantification of
defects (Lee & Yun 2006; Shi, Law & Zhang 1998, @00

In 1995, Kim and Stubbs (1995) presented an exmetiah verification using modal
strain energy to locate and estimate damage fréewanode shapes of a structure. The
proposed damage detection method was verified tiyosspan aluminium model plate
girder of 4.5 m each in span length. The test sirecvas supported with a pin on the
left edge, a roller support in the middle, and heotroller support on the right edge.
Crack damage was inflicted in the structure. Elezecelerometers were placed along
the deck of the structure and excited by ambiergef® from lightweight traffic in order
to extract its dynamic characteristics. The expental results showed that the method
was able to identify the damage location, thougth Halse negative errors (missing
detection of true damage location) and false pasigrrors were present. For damage

severity estimation, the method generated relatikglh errors.
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In 2002, the same researchers (Kim & Stubbs 208@paraded their method. New
damage identification techniques, namely DamageeXnd, Damage Index B and
Damage Index C, were formulated. This was donerdgeroto improve the accuracy of
both damage localisation and severity estimatigrellminating some assumptions and
limitations of the previous method. A numerical tgfgan continuous beam was created
and inflicted with ten different damage scenaridedal parameters of the first three
modes for the undamaged and damaged states welieeabtThe results showed that
the newly formulated method was able to locate dgvand estimate its severity with
reasonable accuracy. However, the entire reseamstperformed with purely numerical
data. In the paper, the authors discussed neitierirtffluence of noise nor any

experimental results.

Choi et al. (2007) further developed a modified dgmindex (MDI) method, based on
modal strain energy, to identify damage in a timbeam. A cubic spline data
interpolation function was adopted to perform ma&le@pe reconstructions of the
obtained experimental mode shape data. The recotetr mode shapes were then
twice differentiated to obtain mode shape curvatuvehich were then normalised for
DI calculations. The proposed MDI method was capaiil detecting the damage
locations from experimental data (some damage cdmmgever, with false positive
errors). Using higher modes proved to be more fealde for identifying multiple
damage locations. Regarding the estimation of dansmyerity, the authors claimed
that it would be possible if the method was furtineestigated.

Shi, Law and Zhang (1998, 2000) proposed a damadieaitor using the ratio of
changes in modal strain energy in each element. mie¢éhod required only the
elemental stiffness matrix, the analytical modepgisaand incomplete measured mode
shapes. The contribution of analytical mode trupcatincomplete measured mode
shapes and measurement noise in the damage idatifi results were discussed. It
was shown from the results that the presented rdatheffective in locating damage.
However, it was sensitive to noise in quantifying extent of damage. Shi et al. (2002)
expanded the previous work and improved the queatibn of stiffness changes by
minimising the modal truncation error in the pracesf damage identification.
However, the method’s convergence property predeitttom delivering satisfactory

performance.
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Li, Yang and Hu (2006) presented a modal strairrggnelecomposition method for

damage localisation. The method was based on dexsongpthe modal strain energy of
each structural element into axial and transvemserdinates. Hence, two damage
indicators (axial damage indicator and transveesaatje indicator) were formulated for
each element in the structure. The numerical aperaxental results showed that the
axial damage indicator was able to locate damagerong in horizontal elements, and
that the transverse damage indicator was able datdodamage occurring in vertical
elements. However, false positive errors were gdadrin the results, and the method

did not perform well in estimating damage severity.

Hu, Wang and Li (2006) presented a cross-modainstaergy (CMSE) method for
estimating the severity of damage. In this resedhghauthors used the structural cross-
modal strain energy between tifemode of the undamaged structure andjtheode

of the damaged structure. The corresponding elaahemss-modal strain energy for
the stiffness matrix was also mathematically esthbt. After many steps in the
derivation, a parameter, was formulated and then used to estimate the isg\ar
damage. A three-dimensional five-storey frame stmecwas numerically developed to
test the proposed method. Damage was simulatedhbydecrease of elemental
stiffnesses. The numerical results indicated thet €MSE method is capable of
estimating the severity of damage under noiseffreasurement conditions and without
any numerical singularity problems. The method wasnd to be incapable of

identifying the damage location.

2.8 FREQUENCY-RESPONSE-FUNCTION-BASED METHODS

Using frequency response function (FRF) measuresnditectly instead of modal
analysis data for damage identification may haveaoeadvantages. Firstly, numerical
errors inherent in modal analysis due to inaccucatee fitting or unavailable residual
terms are avoided. Secondly, no effort is requicedrocess measured FRFs in order to
obtain modal analysis data. Finally, the most g$icgmt advantage lies in the fact that
the FRF provides abundant information on the dyeabehaviour of a structure,
whereas with modal analysis data much of that médion is lost in the course of the

numerical extraction process (Sanchez 2005).
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One of the FRF-based damage identification appexmah the FRF-curvature-based
method. It encompasses damage identification letels 3 (existence, location and
severity) and is based on directly measured FR&, ddtich includes all frequencies in

the measured range and not just the modal fregeenthe absolute difference between

the FRF curvatures of the damage)l§nd undamaged structure is obtained by
AH! = z\H;* (@) -H] () 2.5)

with Hi being the receptance FRF measured at locatidme to an impact force at

point j. The absolute FRF differences for several forceations are then added

together.

To date, different FRF-based algorithms to identif@mage have been developed and
evaluated. Good results have been obtained inaheade identification of numerically
modelled structures (Wang, Lin & Lim 1997). The dam assessment for real
applications, however, is still problematic anddseturther development (Kessler et al.
2002). A ‘bottleneck’ limiting the use of FRFs tsethuge size of the required data set.
Researchers tried to circumvent this problem by osing a partial set of FRF data. An
improper selection of the frequency windows fromchithe data are drawn, however,
results in the loss of important information andréby introduces errors to the damage
identification scheme. This again may result inrioger or faulty damage identification
(Ni, Zhou & Ko 2006). Thus, one of the main chafles in FRF-based damage
identification is the development of algorithms ttlessist in the processing of the

enormous amounts of FRF data.

Wang, Lin and Lim (1997) developed a new damagatifieation method using
measured FRF data. The method was tested expealhyestt a 3-bay plane frame mild
steel structure. The structure was designed to tvaweeplaceable joints located in the
middle of two horizontal bars in order to then asuce different kinds of damage.
Numerical results indicated that the method wa® dbl identify the locations and
severities of damage within reasonable error limitee experimental results, however,
were less satisfactory. The authors drew the cemmtuthat the proposed damage

identification method may not be effective in idgmbhg small scale damage (such as
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surface or internal cracks, flaws, voids and tlgats) because the changes in vibration
data caused by minor damage might not be detedtatite presence of noise.

Sampaio, Maia and Silva (1999) formulated a damdgetification method using FRF
curvature data. This method was based on the absditierence of FRF curvatures
when comparing the undamaged and damaged statsstoficture. In the numerical
studies using a free-free beam, the method wagdftmbe capable of locating damage,
even in the presence of noise. In comparison witeromethods (e.g. the DI method),
the results showed better performance on the pathe FRF method. From the
experimental studies, it was reiterated that théhotewas able to identify damage but

required further development for better characitiog.

Maia et al. (2003) investigated the effectiveneksmode-shape-based and FRF-based
damage identification methods. In their researchkya numerical free-free beam was
modelled with 99 elements and 100 nodes simulaingundamaged structure. To
simulate damaged structures, three other models w@nstructed with reductions of
25%, 50% and 75% of the Young's modulus at elen¥ntThe numerical results
showed that all methods, with the exception of direct mode shape method, were
capable of identifying the actual inflicted damalgpeation. However, some false
damage was indicated at the boundaries, which nhigi been due to the interpolation
method used to calculate the derivatives. In theeemental work, a steel beam with
constant rectangular cross section was used. Thdtseshowed that only the FRF-
based mode shape curvature method, the FRF-basdd simpe curvature square
method and the FRF-based damage index method wemessful in locating the
damage (a sawcut in the beam), albeit with sonmse fdhmage identifications. It was
suggested that improvements to the methods couldnbde to the interpolation
technique on processing the data, by imposing swise in the numerical simulations,
by applying statistical analysis to enhance theultesand by improving the

experimental set-up.

Kessler et al. (2002) presented an experimentalaanadiytical application of an FRF
method to detect damage in graphite/epoxy specimidres FRF method was found to
be successful in detecting even small amounts ofage in a simple composite
structure (i.e. level 1 detection). However, thethnd was not able to provide
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information about the damage type, size, locatiod arientation of damage since
combinations of different variables could yieldntieal response signatures.

Owolabi, Swamidas and Seshadri (2003) used meastiradges in the first three
natural frequencies and the corresponding ampktuofethe measured acceleration
FRFs for damage identification. In their reseatwbn sets of aluminium beams were
used for experimental investigation. Each set &bedi of seven aluminium beam
models with different boundary conditions, i.e efikends and simply supported ends. A
sawcut on the beam was created to simulate theedelsivel of damage. Crack depth
varied from 0.1l to 0.® (d was the depth of the beam), with an increment.dd @t
each crack location. From the experimental resiilisas noticed that the fundamental
frequency showed a clear downward trend as thek cdapth ratio increased. The
amplitudes of the FRFs also showed a decreasing &g the crack became larger. The
amplitude of the FRFs of the second mode reduceadsimilar pattern to the first mode.
However, the third mode did not follow the trendcéntour line map was plotted based
on the changes of amplitudes of the FRFs resuftiogn a combination of different
crack locations and crack depths. The contour s ta identify the cracks but with

some errors. To improve it, the method still regsiifurther development.

Another method using FRF data to detect damage presented by Furukawa and
Otsuka (2006). The research utilised hypothesiintebased on the bootstrap method
to minimise errors from noise. The method was teste@merically on a small

aluminium beam modelled with 11 nodes and 10 el¢ésndine damage was introduced
on different elements by changing the stiffnesshaf corresponding elements. The
authors claimed that the proposed method providedrate damage identification even

in the presence of relatively large noise levels.

2.9 TIME-DOMAIN-BASED METHODS

In recent years, time-domain-based methods havedanuch attention in developing
damage identification and continuous structuraltheaonitoring schemes. One of the
reasons for this popularity is that in their apptoes, system parameters are determined
directly from the structure’s time history respong$ieis thereby independent of the
modal domain, and time data can easily be obtaised) simple tools.
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Two of the most employed time domain methods argeled analysis and Hilbert-

Huang transform (HHT). These approaches first dgos® the signals in the time

domain and then determine the time instant of t®uwence of the damage (damage
spike) by detecting discontinuities in the recordedeleration data. Some methods then
locate the damage by analysing the spatial digtabwf the damage spike along the
structure. Others extract the structural proper{eg. natural frequencies, damping
ratios or mode shapes) before and after inflicdiaghage and subsequently determine

the location and extent of the defect.

Reasonably good results have been obtained withgb@f directly measured time data
on numerical models. Some experimental studies lmen able to determine the
location of damage, although damage quantificatemains very problematic (Xu &

Chen 2004; Yang et al. 2004). A major drawbackr&al applications is the lack of

information on the actual dynamic excitation. Samethods were developed that rely
only on structural responses. They, however, cdp detect the location and not the
extent of damage. Another shortcoming of the respamly techniques is that
measured structural responses are highly varialdechanging environment, which has
caused many of the methods to fail when appliece#b structures (Savov & Wenzel
2005). Also, noise polluted data is a major obst@¢hng et al. 2004).

Xu et al. (2003) first applied a method based otbéti-Huang-transform (HHT) to
analyse the dynamic characteristics of a sixty-sitoeey building, and then compared
the results with those obtained from a method basethst Fourier transform (FFT).
The sixty-nine-storey Di Wang building is locatedthe city of Shengzhen, China. The
measured data were recorded from the wind vel@aritystructural dynamic response of
the building during Typhoon York in September 1998e HHT and FFT methods
were applied to the measured data to obtain thardymcharacteristics of the building.
The analysis results showed that the natural frecjas identified by the HHT method
were almost the same as those obtained with thenkéifiod. The damping ratios of the
first two modes predicted by the HHT method wereggally lower than those by the
FFT method. Chen, Xu and Zhang (2004) performedlainvork on the Tsing Ma
suspension bridge during Typhoon Victor, and thelyed at a similar conclusion.

Expanding their previous research on the use oHtH& method, Xu and Chen (2004)

further investigated the use of the method for fifieation of structural damage caused
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by a sudden change of structural stiffness. Themxgntal research was performed on
a three-storey steel plate building model. Damage simulated by pulling out a pin

connecting the floor plate and the spring, thereblgasing the spring during the

vibration of the building. The results showed ttieg method was able to identify the
damage time instant by observing the occurrence tindamage spikes appearing in
the first intrinsic mode function component of theceleration response. However, the
method was not robust in locating damage, and amtgiative relationship between the
spike amplitude and the damage severity was eskedaliby the experimental work. The

authors suggested that further investigation wasetbre required.

Yang et al. (2004) proposed two methods to exttantage information from measured
time history data obtained from a structure. Thestfimethod was based on the
Empirical Mode Decomposition (EMD), which was desd to extract damage spikes
of a sudden change in structural stiffness, andetheto identify the damage time
instants. The second method was based on a conobirgitEMD and HHT, and was
designed to detect the damage time instants as agethe natural frequencies and
damping ratios of the structure before and aftemafge. The four-storey ASCE
benchmark building, established by the ASCE Tasku@ron Structural Health
Monitoring, was used in the numerical study to fyethe two methods. The first
method was found to be able to identify the damtge instants only if the noise
pollution level was very small and the changeshi& structure were not abrupt. The
second method was able to determine the time insfadamage occurrence and was
also capable of identifying the natural frequen@ed damping ratios of the structure,
both before and after damage was inflicted. Howewdth only a single record, the
location and the severity of damage in the strectuere not identified. Similar work
was performed experimentally by Xu and Chen (200vhp used EMD to detect

sudden change of structural stiffness for a thteeeyg shear building model.

Zhu and Law (2006) developed a new method for cidektification on a beam in
bridge structures using wavelet analysis of theatpmal deflection time history with a
moving load. Numerical and experimental examplesewgsed to demonstrate the
response at a single measuring point, employingrdiraious wavelet transform to
detect the damage location. A damage index systas pvoposed to estimate the

relative depth of the cracks. The method was faonae capable of identifying damage
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location for single and multiple cracks for the rarmoal cases, but not for the

experimental cases.

An application of time series analysis to bridgeucural health monitoring was
performed by Omenzetter and Brownjohn (2006). Thekwntended to address long
term SHM problems through the analysis of statiaisttime history data obtained for
the Singapore-Malaysia Second Link (the Tuas Larkj operating continuously over a
long period. A vector seasonal ‘autoregressivegnatied moving average’ (ARIMA)
mode was formulated for recording the strain sign&he coefficient of the ARIMA
model varied with time and was identified using ataptive extended Kalman filter
(Harvey 1989). By observing various changes in #&RIMA model coefficients,

unusual events such as structural changes ortedlidamage could be identified.

2.10 ARTIFICIAL-NEURAL-NETWORK-BASED METHODS

Most of the damage identification methods preseatsa/e make use of mathematical
models to represent relationships between damaayadieristics and dynamic changes
in structures. Vibration-based damage detectiomnisnverse problem where causes
must be determined from its effects. Often a uniqokition does not exist for an
inverse problem, especially when the relationslaiggs very complex and only limited
data are available. In general, dynamic-based damédgntification is a pattern
recognition problem, where changes in the vibraiooroperties of a structure are
attributed to certain characteristics of damageNA&MNre capable of pattern recognition
and classification. They can model complex nondmeelationships and are robust in
the presence of noise. These characteristics makésApowerful complementary tools
in vibration-based damage identification. With tre® of ANNs, some critical issues of
traditional damage detection methods can be overcamd damage detection accuracy
and reliability greatly improved. The advantages AfIN-based approaches over
traditional mathematical damage detection methodtude the following (Bakhary
2008):
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* ANN-based methods are capable of reliable damagaetifitation, even when
trained with incomplete data, without using datgpamsion or finite element
reduction methods.

* Once ANNs are properly trained, damage identifosatis relatively fast and
mathematical models do not need to be constructed.

* There are no limitations on the type of vibratiargmeters to be used as inputs for
ANNs. The input and output parameters can be sslewtith much flexibility
without increasing the complexity of network traigi

* Noise filtering capabilities of ANNs make them mambust in the presence of

measurement noise and other uncertainties.

The first researchers to introduce ANNSs in vibmatlmased damage detection in civil
structures were Wu, Ghaboussi and Garrett (199BgirTpaper published in 1992
concluded that ‘the use of neural networks for cdtmal damage assessment is a
promising line of research’. The basic strategytfer use of ANNs in dynamic-based
damage detection is to train a network to recogolsgnges in structural properties
based on measured vibrational response. Throughrahreng, the network is able to
extract relationships between inputs and outpuid itestores them within the network’s
connection strengths (Bakhary 2008). In the testtage, the network is fed with as-yet
unseen inputs, and through the established commestiengths, the network is able to

produce generalised outcome predictions.

Over the past two decades, researchers have ufferkmli types of vibration-based
parameters as inputs to ANNSs. A selection of liteeathat has significantly contributed

to this area is presented below, subdivided intofdHowing categories.

» Neural networks trained with modal parameters aed derivatives
« Neural networks trained with frequency responsetions

* Neural networks trained with time domain data

Readers who are not familiar with ANNs are refertedCHAPTER 3, which gives

some theoretical background information on neueaivorks.
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2.10.1 Neural Networks Trained with Modal Parameters and Their
Derivatives

In one of the earliest research papers on ANN-babgthmic damage detection,
Elkordy, Chang and Lee (1992) demonstrated thahgugiercentage changes in
vibrational signatures, rather than using theioalis values, can effectively distinguish
between patterns corresponding to different damstages. In 1993, Elkordy, Chang and
Lee (1993) extended their previous research anckstigated the feasibility of
identifying damage from experimental data with reks that were trained with
analytically generated data. Three different modéls five-storey steel frame structure
served as testing objects. Two of these models fw@te element models; the first one
being a very simplified two-dimensional frame usiogly beam elements, and the
second model being a more detailed finite elememdehusing beam, truss and plate
elements. The third model was an experimental tsirec Damage was simulated by
reducing the member stiffness in the bottom twoietdoy between 10% and 70%. The
researchers used mode shapes (obtained from namnsimculations and shake-table
testing, respectively) as input patterns, and #regntage change in member stiffness
formed the outputs of the networks. Two networksenereated; the first was trained
with data obtained from the simplified numerical defy while the second was trained
with data from the more complex numerical structdree researchers found that the
network trained with data of the first model proddgpoor predictions, whereas the
network of the more detailed model gave reasonaugd damage estimations,

generally with absolute prediction errors of ldssnt 10% for damage severities.

Zapico, Worden and Molina (2001) presented a daraagessment procedure on a two-
storey steel frame and steel-concrete compositer feoructure. A simplified finite
element model, previously updated using two natimegjuencies and the stiffness and
masses of the beams, was used to generate inpufodateural network training. Three
neural network approaches based on multi-layergpéran networks were proposed.
For the first and second approaches, the inputnpetexs were the first natural
frequency and the first mode shape, respectivelytie third approach, the first two
longitudinal bending frequencies were used as s1plite performance of each network
was tested on numerical and experimental dataeof3teelquake’ benchmark structure.

The first neural network approach failed completéize authors suspected that too
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many damage parameters were defined and hencaredificombinations of damage led
to similar modal results. The network was therefarable to generalise from the
selected input. In the second approach, the newetivork showed an excellent
generalisation over the analytical data; howeudgilied completely with experimental
data due to the poor accuracy of the extracted nsbdpes. The third approach gave
reasonable results. The corresponding trained mktachieved a good generalisation

over both the analytical and experimental data.

Ko, Sun and Ni (2002) proposed a three-stage luleical damage detection scheme for
successively identifying occurrence, location aenesity of structural damage based on
changes in modal parameters. The feasibility ofpiftgosed method was studied on a
precise three-dimensional finite element model leé table-stayed Kap Shui Mun
Bridge located in Hong Kong. In the first stagetioé method, auto-associated neural
networks were fed with natural frequencies of ttrecsure from both the intact and
damaged states for the purpose of damage alarinirtige second stage, a combination
of the modal curvature index and modal flexibilitydex was used to identify the
damage region. In the third stage, specific damagethbers and damage severities
were identified by using multi-layer perceptron rawetworks fed with input vectors
determined from changes in the natural frequenae$ mode shapes. The damage
identification results of the bridge model showemms promising signs but also
demonstrated some problems with the proposed methodwo of the twelve
investigated cases, the method failed to give danagrm in the first stage, which
could eventually lead to an oversight of that damalyhen damage was located near
the support area, the modal curvature index andahftekibility index were sometimes
unable to produce accurate damage identification.

Sahin and Shenoi (2003) examined the effectivenéssing natural frequencies and
mode shape curvatures as inputs for ANNs. As astiegtture, numerical models of
fibre-reinforced plastic laminated beams were e@aind inflicted with various damage
scenarios. Different types of networks with variomput-output parameters were
designed to estimate locations and severities ofagd@. The first type of network was
trained with data obtained from the reduction & finst three natural frequencies. The
input parameters of the second network were thelatesdifferences in mode shape

curvatures. The third network inputs were the maximabsolute differences in
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curvature of the mode shapes and their correspgntiinations along the beam.
Additional networks were trained with combinatiasfg¢he aforementioned parameters.
To simulate experimental uncertainties, artificrandom noise was added to the
normalised frequencies and the maximum differennesiode shape curvature data.
The authors concluded that although reduction iraafrequency was considered an
indicator for damage, it did not provide any useffibrmation about either the location
or about the severity of the defects. Maximum altsoldifferences in mode shape
curvatures and their corresponding locations akegbeam, however, provided fairly
good indications of the damage location. The reduttm the combination of all three
features were less promising than those obtair@d the individual networks. Hence,
the researchers concluded that separate neurabriatfiunction more efficiently than

one trained network that uses all the combined tepthis study further found that
when noise-polluted data were introduced to thevosds, more accurate and robust
predictions were obtained in the damage localisatimmpared to the quantification of

the damage.

Lee et al. (2005) presented an ANN-based damagectdwmt method using three

different types of mode-shape-based parametersnmstsi for the networks. The

employed parameters were direct mode shape measuienmode shape differences
and mode shape ratios between the pre- and posig#astates. An important task for
the researchers was to develop a method that estie# in dealing with modelling

errors in the baseline finite element model fromaohhraining patterns for the networks
are generated. The proposed approaches wereetstiton two numerical structures, a
simple beam structure and a multi-girder bridgel tnen applied to a laboratory bridge
model and a real bridge (the Hannam Grand Bridggeioul, Korea). From the results
of the numerical models, which were generated witdelling errors of up to 20%, the

researchers found that when using direct mode simgasurements as network inputs,
the accuracy of damage detection could not be gteed; for mode shape differences
and mode shape ratios, however, fairly good danesgienations were produced. For
the laboratory bridge model, from which dynamicadatere extracted using ambient
vibrations, similar findings as for the numericabaels were obtained. For the real
bridge, the damage estimation was performed on trsugdbsres using selective

information excluding the mode shape data neantu® points. The networks trained

with mode shape differences and mode shape ratazmuped good location accuracy
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for all damage cases, whereas the estimated dassageities contained minor false

positive errors at several locations.

In 2006, Lee and Yun (2006) extended their method applied a two-step

substructural identification approach to identif\anthge in the aforementioned
numerical multi-girder bridge and the real Hannamar@ Bridge. In the first step,

damage indicators based on modal strain energy ugse to screen the entire structure
to identify potential damaged regions. In the secstep, ANNs were trained with mode
shape differences between the pre- and post-dastages to produce predictions of
damage location and severity in the potentially dged members identified in the first
step. For the real bridge, mode shape data wergifiede from ambient vibrations and

were reconstructed using a cubic polynomial functio obtain finer mode shapes. To
illustrate the effects of measurement noise, mbdge data from the numerical bridge
model were polluted with three levels of noise.riithe results of the numerical model,
the authors found that the damaged members wesenahly well identified providing,

of course, that they were selected in the firgp ste potentially damaged. Fairly large
errors were caused by noise pollution. For the bedge, while all damage cases were
correctly selected in the first step, some falssitp@e damage alarms were also

produced.

In 2006, Xu and Humar (2006) proposed a two-stgprahm that first utilised modal
strain energy damage indices to locate damage hed & neural-network-based
approach to estimate the damage severity. The peapalgorithm was applied to detect
simulated damage in finite element models of aggiehd a model of a real bridge (the
Crowchild Bridge located in Alberta, Canada). Thdaenage cases, two single and one
double, were investigated. Measurement errors geralated by adding different
levels of random noise (up to 5%) to the mode shapbe authors found that the
modal-strain-energy-based damage indices were aefiiective in predicting the
location of damage in the girder model. However,ewhdamage indices were
determined from translational modes, the numeriddferentiation involved in
obtaining the curvatures magnified the measureraents and introduced faults in the
damage localisations. For the severity estimatiba, neural-network-based approach
was quite effective in predicting the damage mamgiatafter the damage location was

determined. Errors were encountered, howevermallsamplitude damage cases.
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Gonzalez and Zapico (2008) developed a method fmage identification for
buildings with a steel moment resisting structuree method was based on ANNs
trained with modal parameters (natural frequeneied mode shapes). A simplified
finite element model of a five-storey building wased to generate data for neural
network training. The inputs to the networks wehne first flexural modes (natural
frequencies and mode shapes) at each principattidine of the structure, and the
outputs were the spatial variables (mass and stiffn The proposed method consisted
of two stages; in the first stage, the undamagadttsire was calibrated, and in the
second stage, damage due to a simulated earthguekielentified. In each stage, multi-
layer perceptron networks were trained with the ah@érameters to obtain the spatial
variables. The proposed method was successful terrdming which storey of the
building was damaged. A statistical study on thfeuence of modal errors (simulated
by data polluted with Gaussian noise) concluded ttamethod was quite sensitive to
errors, especially to mode shape errors. It waaddhat the coefficient of variation of
the modal errors should be less than 0.1% for akftequencies and 0.02% for mode
shapes in order to obtain absolute values of dantkyification errors less than 0.05

with 95% confidence.

Mehrjoo et al. (2008) presented a method for egiirggoint damage intensities for
truss bridge structures using ANNs. To overcomeedssof large structural systems
associated with many unknown parameters, a sulsting technique was employed.
As input parameters to ANNSs, natural frequencied amode shapes were used. To
demonstrate the proposed technique, it was apphietlimerical models of a simple
truss (with five joints) and a more complex trussigpe (with 16 joints). For the more
complex truss bridge, the model was subdivided thtee substructures and the joint
damage identification was achieved on one subsireicit a time. From the results of
the simple truss, it was found that the damagestat all five joints were accurately
identified with an average error of 1.28% whenfthst four modes were employed. For
the Louisville Bridge model, a number of ANNs wéraned with different numbers of
modes included in the input patterns. The idemtifan outcomes showed that when
only one mode was used, an average error of mare&bb was obtained. It was found
that the optimum number of modes to be included fivas producing an average error
of about 1%. However, this study only investigattata from noise-free numerical

simulations - real testing uncertainties such agsmeement noise were not considered.
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2.10.2 Neural Networks Trained with Frequency Response Functions

Wu, Ghaboussi and Garrett (1992) were the firshtimduce ANNS to vibration-based
damage detection in civil structures, as mentiozgtier. As input parameter to ANNS,
the researchers used Fourier spectrum recordingdative acceleration time histories.
The test structure, a simple three-storey buildmggdelled as two-dimensional shear
structure with three degrees of freedom, was eXdite earthquake base acceleration
and the structure’s dynamic responses were capairéae third (top) and the second
floor. Damage was modelled by reducing the colunemimer stiffness by 50% to 75%.
From the fast Fourier transform, the first 200 p®if® Hz to 20 Hz) were used as inputs
for neural network training. The network output ssted of three nodes, each
representing the damage level for each column menmbéhe structure. In a first
attempt, only acceleration data from the third flaere used as network inputs. Here,
only damage of the column member connected to kel tfloor was correctly
identified. In a second attempt, data from thedod second floor were fed to a second
network. This network was able to produce correchage estimations to both third and
first floor members, with an accuracy of about 2%t it was still unable to identify

the column member between the first and the seftoad

In 2001, Zang and Imregun (2001b) proposed andiRér-based damage identification
method using ANNS. Instead of utilising a partetl sf FRF data, the authors employed
principal component analysis (PCA) to reduce thee sof measured FRFs. The
compressed FRF data, represented by their profectito the most significant principal
components (PCs), were then used as input variabl@&NNs. The proposed method
was applied to a numerically simulated railway whesm which FRF data with 4,096
data points in x, y and z direction were generateal.assess the robustness of the
method, a number of FRFs were polluted by addingr&tlom noise. After applying
PCA, the generated FRFs (noise-free and noisetpd)were reduced to 7, 9 and 13
PCs for x, y and z direction, respectively. In kotiaree different networks, each
corresponding to a co-ordinate direction, werentrdito predict the condition of the
specimen, i.e. healthy or damaged. From the resiiltsvas found that for all
investigated cases the health condition was cdyretentified. In a successive paper,
Zang and Imregun (2001a) applied the method totifyethree different states of a
numerical space antenna, i.e. healthy antenndtsihgss damage and slight stiffness
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damage. The results showed that, provided an ateeguanber of PCs together with a
suitable neural network configuration was usetas possible to distinguish betweeen

the three states of the antenna.

In 2003, Zang, Friswell and Imregun (2003a; 20Q3kesented another approach for the
use of FRFs in ANN-based damage identificationtwa coherent papers, the authors
proposed two correlation criteria for measured FRfa, the global shape and the
amplitude correlation criteria (GSC and GAC), to imed as damage indicator. To
demonstrate their method, it was applied to an mx@atal three-storey book shelf
structure. Radial basis function networks were Wath two input parameters, the
averaged integration of the GSC (AIGSC) and theramed integration of the GAC
(AIGAC), to predict various structure states (irthg undamaged and damaged states,
damage locations and severities) and the envirotaheariability. The network results
showed that the proposed method was capable ohglisshing between various
structural states; except for a few false iderdifins, most structure states were
successfully classified. In a paper from 2007, ZaRgswell and Imregun (2007)
extented their method to allow the quantificatidrttee change in structural response.
The researchers defined two new damage indicatbes, window-averaged GSC
(WAIGSC) and the window-averaged GAC (WAIGAC). Bwtroducing these two
indicators, a significant reduction in the sizetbé data was achieved, which was
beneficial for network training. The method wasiaggpplied to the three-storey book
shelf to identify undamaged and damage stateslesargl multiple damage locations,
as well as damage levels. Again, the network ptiedis were correct for most damage

cases, although there were some small fluctuafmmsome outputs.

Qu, Zou and Wang (2004) investigated a damage tistemethod for large scale
structures using a substructuring approach and &&&. In the proposed method,
damage features for ANN inputs were extracted ffeRFs by applying independent
component analysis. A two-span planar truss withtrbSs elements served as test
structure to demonstrate the feasibility of thehmdt Damage scenarios were simulated
by stiffness reductions of two truss members. bubtef identifying the structure as a
whole, it was subdivided into three substructures @nly the internal substructure was
considered. FRF data from 0 Hz to 200 Hz with gdency resolution of 0.2 Hz per

data point were compressed and used as network ifipe results of this study showed
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that the substructuring identification improved #imlity and computational efficiency
to identify damage in large scale structures.

Yeung and Smith (2005) presented a damage deteafiproach using unsupervised
neural networks and frequency spectra derived ftone history data. As network
inputs, the use of frequency spectra from pairsaasfes and peaks of mode shapes was
proposed. Two types of unsupervised neural netwotlke probabilistic resource
allocating network (PRAN) and the DIGNET networkere utilised to identify damage
in a clustering approach. To verify the methodyais tested analytically using a finite
element model of a historic suspension bridge. ifoukite real testing conditions,
Gaussian noise was added to time history data amwitoemental effects were
simulated in the form of thermal stressing. The dgen detection outcomes were
reasonably good, with the PRAN network generallytpetforming the DIGNET
network. In a sensitivity study, the effects of wag thresholds and noise levels were
examined. The researchers found that the sengit¥ithe network could be increased
by reducing the threshold, but at the expense e&tgr computation and increased
misclassification of undamaged signals. When comsimg between sensitivity and

misclassification, a damage identification ratalbbut 70% was obtained.

Ni, Zhou and Ko (2006) presented an experimentastigation of seismic damage
identification of a 38-storey tall building modeking measured FRFs and neural
networks. A 1:20 scale reinforced concrete stréctuas tested on a shake table by
exerting successively enhanced ground earthquakeagans to generate different
levels of damage, i.e. trifling, moderate, seriarsd complete (nearly collapsed)
damage. After incurring the earthquake excitatiahgach level, white-noise random
excitation of low intensity was applied to prodummbient vibration responses from
which FRFs were measured. PCA was performed om#esured FRFs to reduce the
dimension of the FRF and to eliminate noise. Th&fGmpressed FRF data were then
used as inputs to neural networks for overall damagaluation and localisation. The
results showed that, provided a sufficient enougser distribution is given, a quite
satisfactory evaluation and localisation of damageobtained with the proposed
method. The authors further found that comparetheéodirect FRF method, the PCA-
compressed FRF method provided much higher ideatifin accuracy in assessing the

damage.
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An extension to ANNs are neural network ensemb#dso(referred to as network
committees or classifier ensembles), which areesahthy of networks that are trained
independently for the same task and whose outc@reefused at different stages by
ensemble networks. These neural network commitiees observed to perform better
than the best network used in isolation (Perroneéac®per 1993) and are currently used
in many fields of research. The idea of a hieraahinetwork training was first
employed in the area of vibration-based damagectieteby Marwala and Hunt (1999).
The researchers proposed a two-stage neural netvaorknittee (also termed neural
network ensemble) to combine information from madiala and FRFs. In the network
committee, first, two individual networks were trad with either mode shape vectors
or frequency energies, which are integrals of #a and imaginary components of the
FRFs over various frequency ranges. The outcom#sedivo individual networks were
then jointly fed to a third ensemble network pradgdinal predictions on the condition
of the structure. To verify the method, it was &plto numerical simulations of a
cantilever beam. The beam was divided into fivensmgs and the networks were
trained to identify the damage existence in eagmgat. The authors found that the
ensemble network gave a mean error of 7.7% comptwed.50% and 9.75%,
respectively, of the individual networks. In anendion to this work, Marwala (2000)
presented a committee of neural network approatichvemployed modal properties
(natural frequencies and mode shapes), FRFs andletavansform data as inputs to
individual networks. This new approach was numdid@sted on data from a three-
degree-of-freedom mass-spring-damper system. Tperiexental demonstration was
conducted on cylindrical shells inflicted with foiypes of damage. The generated data
were separately fed into three neural networks, latet combined in an ensemble
network. It was again found that the ensemble ifledtthe damage cases better than
the three approaches used individually. The autlrtiner claimed that the effectiveness
of the method was enhanced when experimentally inedslata were used, which was
in contrast to many existing methods. This was bseathe committee approach
assumed that the errors given by the three appesaghre uncorrelated, a situation that

becomes more apparent when measured data rathesithalated data were used.
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2.10.3 Neural Networks Trained with Time Domain Data

Masri et al. (1996) explored a methodology basedhenuse of ambient vibration for

ANN-based damage detection. Input to ANNs weresthecture’s relative displacement
and velocity time histories, and the output were torresponding restoring forces
obtained from the exciting force and the acceleratime histories. In the proposed
approach, a network was trained with time histagacdf the undamaged system only.
In the testing stage, data from damaged structwese fed to the network producing

erroneous restoring forces. By determining the ababty in terms of root-mean-

square error between the network output and theabistoring force, a measure on the
changes of the structure was obtained. The methasl werified through simulation

studies with linear and nonlinear single-degreé@fdom systems. The effect of
measurement noise was also investigated. The sedeiibonstrated the feasibility of the
proposed approach. It was found that better priedistwere obtained when longer
vibration signatures were used as input. The astlagknowledged that due to the
nonparametric nature of the mean-square deviatimr,éhe method cannot ascertain
which component of the restoring force changedl@andhat amount; it can only detect
changes in the global measures. In 2000, Maslii €2@00) extended their method and
proposed two new time-history-based input-outpus $er ANNs. In the first set,

displacement, velocity and acceleration vectorsewgsed as inputs and the system
excitations were the outputs. In the second seplaltement, velocity and excitation
vectors were the input parameters and the outpets the system accelerations. Both
approaches were tested on nonlinear multi-degréeeeflom systems. The results
showed fairly good detections for both sets of trpuiput parameters. Due to the
dimensionless nature of the error measure andatikedf information about the systems

nonlinear dynamic behaviour, changes could onlgiddected but not quantified.

Yam, Yan and Jiang (2003) presented an integrateithad for damage location and

severity identification of composite structuresngsiwavelet transforms and ANNS.

Structural damage feature proxy vectors were cocigd and calculated based on
energy variation of the structural vibration respesy decomposed using wavelet
transforms. ANNs were used to map the relationbkigveen structural damage feature
proxy and damage status. Numerical and experim@uéal sandwich plates were used
to verify the proposed method. In the numericatlgtul2 cases of crack-type damage
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were investigated, and in the experimental studgra@k cases with different lengths
were considered. The proposed method was ablettectly locate the 12 damage cases
of the numerical investigation; however, some earrior the results were observed in

determining the crack length in the experimentadgt

Su and Ye (2004) proposed a lamb wave-based gatrgiidentification technique for
delamination in carbon fiber/epoxy (CF/EP) compostructures using ANNSs. First,
the researchers developed an intelligent signatgasing and pattern recognition
(ISPPR) package based on wavelet transforms and SANBYy means of ISPPR, a
damage parameter database (DPD) was constructexkttacting the spectrographic
characteristics of simulated lamb wave signals digitising them as digital damage
fingerprints (DDF). The DPD was then employed o#lito train ANNs under the
supervision of an error-backpropagation algoritimally, the proposed methodology
was validated online by identifying actual delantioims in CF/EP quasi-isotropic
composite laminates. The delamination locationisnegéd by this method were close to
the actual locations. However, the research did mention either multiple damage

detection cases or damage severity estimation.

Kao and Hung (2005) proposed a damage identificgimcedure based on the free
vibration responses of a structure. The ANN-basethod involved two steps. In the
first step (system identification), neural systetentification networks (NSINs) were
trained to identify the undamaged and damagessstdita structure. In the second step
(structural damage detection), the trained NSINsnfrthe first step were used to
generate free vibration responses with the santialinondition or impulsive force. The
extent of changes in a structural system was asdsg comparing the period and
amplitude of the free vibration responses of thmalged and undamaged states. The
method was experimentally tested on a five-stoteglSrame structure by subjecting it
to various intensities of the 1995 Kobe earthquatke shake table. From the results, it
was found that the proposed method is very promisom application to linear and

nonlinear structures.
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2.11 SUMMARY

This chapter presented a review of important liteea published over the past three
decades in the area of vibration-based damageifidation. From the review, it was
found that researchers have used a broad rangeafmic-based parameters to identify
damage. Traditionally, the most popular damageefipgnts used were derived from
natural frequencies or mode shapes, as these tardities are easy to determine with a
relatively high level of confidence. In recent y®athe use of frequency response
functions (FRFs) and time history data has gainedenattention as signal processing
techniques and computational power have improvadh&r, ANNs with their pattern
recognition and classification capability have mdvto be an efficient tool in
complementing vibration-based damage identificataord several research publications
exist in this area. To verify the proposed methadsearchers have applied them to
different types of numerical and experimental dtrices; in rare cases, some techniques
have even been tested on real structures. Althadghge number of publications exist,
the area of vibration-based damage identificatgstill an active field of research and
several problems still need to be resolved bef@aieable methods become readily

available. Some major challenges include the fatouw

* Uncertainties from field testing conditions suchnasasurement noise, measurement
errors and environmental fluctuations.

* Real testing limitations such as limited numbese@rfisors and incomplete data sets.

» Complex behaviour and large number of unknown patara in complex structures.

« l|dentification of existence, location and sevewnfydifferent damage scenarios, i.e.
various types of damage at different locations\aitd varying severities.

 |dentification of small size damage and multiplend@e scenarios.

* Modelling errors in finite element models.

 For ANN-based damage identification: optimisatioh ioput patterns, network

design and network training scheme.

Even though researchers have addressed partssefphablems, the algorithms hitherto
proposed are still far from resolving them. Thesgesh presented in this thesis aims to
improve currently available vibration-based damagdentification methods with
consideration of the unsolved challenges listedvabdrhe key issues that were

identified in the literature review and were comrsetl in this thesis are: robustness of
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damage identification algorithms to measurementsenoand measurement errors;
problems related to limited number of measuremensars and incomplete data sets;
accuracy and reliability in identification of daneafpcation and severity; detection of
different damage types; identification of smallestiamage; and, optimisation of neural

network design, including input parameters and ngtwraining schemes.

Based on the literature review, the following step#i be carried out to develop
improved ANN-based damage detection algorithmsstFhorough investigations will
be undertaken on a simple structure to providenadepth understanding on the effects
of damage to vibrational characteristics. Secomndreatly available highly promising
damage identification methods (identified from tiberature review) will be applied to
the simple structure and their performance willdvaluated in regard to key issues
identified above. Third, the studied methods wi# bmproved and refined while
employing ANN techniques to overcome the identifoedblems. Finally, the improved
methods will be applied to a more complicated s$tmecto verify the methods and to

study their performance under more complex conatio

From the literature review, two methods were iderdithat are highly promising in the
field of vibration-based damage identification. Bahethods fulfil three criteria: first,
they have already given successful damage ideatiidic results when applied by other
researchers; second, they are suffering from shiiiteys; and third, they have great
potential for improvement. The first method is tbé method developed by Stubbs,
Kim & Topole (1992). This method is a modal paraenehethod based on changes in
modal strain energy, and it has been successfplpjieal by several researchers in
various fields and applications (see section 2.7[¢spite reported successful
applications of this technique, the method hasra¢uaresolved issues. For example, if
damage is located close to a node point of a ginede, the defect remains undetected
unless additional modes are used for detectiorthByrwhen multiple mode shapes are
used, false positive damage identifications arerofiroduced, especially when only
limited measurements are available. The reliabilapd accuracy of damage
identification with the DI method is greatly jeodeed when exposed to field testing
conditions such as measurement noise interfererlceged number of sensors,
experimental modal analysis uncertainties and enwmental influences. Although a

number of researchers have developed modified amehded versions of the DI
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method (Choi 2007; Kim & Stubbs 2002), this teclueigs still in need of improvement

to overcome the issues highlighted above.

The second method identified from the literatundew as being highly viable is based
on measured frequency response functions (FRF$).deia are directly measured data
that provide an abundance of information on a strets dynamic behaviour. As FRF
data are very sensitive to structural change, ktfzexe been used as damage indicators in
various forms. In particular, the use of residuRlFE, which are differences between
FRF data of the undamaged and the damaged strubtwe revealed very promising
results (Trendafilova & Heylen 2003). The use of MdNto extract damage patterns
from FRF-based data has also been frequently mpoftee section 2.10.2). To
overcome the issues associated with the large &fiZeRF data and to improve the
performance of ANNs, some researchers have emple@dfor data compression and
noise reduction (Ni, Zhou & Ko 2006; Zang & Imreg@f01a, 2001b). The use of
ANNs and PCA in FRF-based damage identification $@mdar only been applied to
numerical structures for the determination of dagnpgesence and severity (Zang &
Imregun 2001a, 2001b), and to an experimental sireidor the prediction of overall
and local damage severity (Ni, Zhou & Ko 2006). Both approaches, the damage
identification outcomes were highly dependent omsee availability and distribution.
Further, the investigated damage cases were oE lagyerity and several false

detections were obtained, which challenges thabidiliy of the proposed procedures.

In this thesis, two new damage identification prhaes will be proposed based on the
two methods described above. For both proposededures, the implementation of
PCA and neural network ensemble techniques withftre basis to enable the accurate
and robust identification of damage while overcagnihe shortcomings of the current
methods identified above. For preliminary invedigas and development of the
improved DI- and FRF-based damage detection methdsmple pin-pin supported
beam structure will be employed. The use of a stmather than a complex structure
will enable the fundamental study of the effectslamage to vibrational characteristics
without having to deal with the complicated dynanmteractions associated with
complex structures. For later verification of theveloped methods, a two-storey
framed structure will be used. For both structudesnage cases and damage types will

be investigated to test the performance of the atsth
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CHAPTER 3

INTRODUCTION TO ARTIFICIAL NEURAL NETWORKS
AND PRINCIPAL COMPONENT ANALYSIS

3.1 INTRODUCTION

This chapter presents theoretical and practicakdracnd information on artificial

neural networks (ANNSs) and principal component gsial (PCA). Both techniques are
core elements in the developed damage identificatnethods and their application
discussed throughout this thesis. To provide amduiction to the subject, this chapter
first gives an overview of the origin of ANNSs, th@logical neural network. Second, it
describes the functionality of a single processing of a network (the single neuron).
Third, it explains the operation of multi-layer peptron networks and the
backpropagation algorithm. Fourth, it gives pradtmomments on the design of neural
networks. Fifth, it presents an overview on netwerisembles, and finally, it gives

background information on PCA.

3.2 THE BIOLOGICAL NEURAL NETWORK

The creation of neural networks was originally insg by the human brain and the way
it processes information. The human brain consis&bout 16" electrically active cells
called neurons, which are heavily interconnectedba&ic neuron is composed of a
body, axons, dendrites and synapses, which asdrdlied in Figure 3.1. The branching
dendrites provide input information to the neunahijle the long cylindrical axons carry
impulses from the neuron to neighbouring neurond #mereby act as outputs.
Communication between neurons takes place at pmettalled synapses. Each neuron
typically makes connections to many thousands loéroneurons, with as many as*10
synapses per neuron and a total number of syndpsé®e brain exceeding 10
Although each neuron is a relatively slow informatiprocessing system (with an
average rate of 3 m/s), the massive parallelismnfifrmation processing at many
synapses simultaneously creates an effective mimgepower. It also leads to a high

degree of fault tolerance, with many neurons dyagh day with little adverse effect on
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performance (Bishop 1994). In the event of traucaéural loss, healthy neurons can
take over the functions of damaged cells (Fau$S )L

Synapsea,

LR A
Cell Body a4

Axon

Figure 3.1 Two biological interconnected neurons

Neurons act in an ‘all-or-nothing’ manner. A respens only generated if the total

impulse potential coming from the input of otheurens reaches a certain threshold
level (typically about 40 mV). Incoming impulsesnche excitatory if they cause the
firing of a neuron, or inhibitory if they hindereHiring of a response. When a neuron
fires, it sends an electrical impulse (called acpotential) that propagates from the cell
body along the axon. When the impulse reaches apsg it triggers the release of
chemical neuro-transmitters that cross the synapficction to the next neuron.

Depending on the type of synapse, the probabifith® subsequent neuron firing either
increases or decreases. Each synapse has an @sbagtieength (or weight) that

determines the magnitude of the effect of an inpuwsa the post-synaptic neuron
(Bishop 1994).

A key property of the neural system is its abititymodify its responses as a result of
exposure to external signals, which is called le@nThese learning or memorising
modifications are implemented by strengthening eakening the synaptic junctions
(Hagan, Demuth & Beale 1996).
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3.3 THE ARTIFICIAL NEURAL NETWORK

The biological neural system provided the basis dogreat deal of research into
artificial neural network models. This research wasen by the desire to build better
pattern recognition and information processing eayst (Bishop 1994). By definition,
‘artificial neural systems, or neural networks, atgssical cellular systems which can
acquire, store, and utilize experiential knowled@éurada 1992). To model such a

system requires, first, a model of the network’sibauilding block, the single neuron.

3.3.1 The Single Neuron

In 1943, a simple mathematical model of a singleroie was formulated by McCulloch
and Pitts (McCulloch & Pitts 1943). A single neur@bso referred to as a processing
unit or simply a unit, can be regarded as a nogalirfunction that transforms a set of
input variablesp (i=1, 2,...,q) into an output variable. A single multiple-input
neuron is shown in Figure 3.2.

P1 Wy

|

|

1 n a
|

|

|

Py Wq 1

Figure 3.2 Model of a single multiple-input neuron

The signalp; at inputi is first multiplied by a parameter,, known as weight, and then
added to all the other weighted input signals eyghmmation function to give a total

input to the unit of the form

q
n=wp+wp+0B wR+ b= ) wp+b= wp + (3.1)

Py

where the offset parameteiis called a bias. The bias can be regarded as@asgase
of a weight from an extra input of 1. The outpubf the unit depends on a particular
transfer functiorf and is calculated as

a=f(n)= f(wp+ B (3.2)

The transfer functiohcan be a linear or nonlinear functionnof
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To relate the artificial neuron back to the biotadineuron, the weights; correspond

to the strengths of the synapses, the cell bodspisesented by the sum function and the
transfer function, and the neuron outputan be regarded as analogous to the signal
(firing rate) of the axoiiBishop 1994).

Learning (or training) of the neuron is achieved rogdifying the weights and bias
parametersy andb, following special learning rules. Based on theQuttoch and Pitts
neuron model, Rosenblatt formulated the percepgaming rule in 1958 (Rosenblatt
1958). The neuron learns from a set of examplest(tining set),

{pt} {pt). {04 (33)

wherepg is an input to the unit ang is the corresponding correct output, also referred
to as the target. As the inputs are applied tonémvork, the network outputs are
compared to the targets in order to move the ndétwatputs closer to the targets. The
learning rule is used to iteratively adjust the givs and bias of the unit according to

the following expressions,

Aw = (t-a)p = eg (3.4)
and
Ab= (t-a) = ¢ (3.5)

where the perceptron error vectois the difference between the target vettand the

actual output vecta. The perceptron learning rule is then written as,

w(k+1) = w(K+e(KOP (3.6)

b(k+1) = b(K)+e(K (3.7)

wherek represents the iteration or epoch number. Theegsoof updating the weights

and bias is repeated until the errors approaclescpgbed error goal.
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3.3.2 Multi-Layer Perceptron Networks

While the simple model of a single neuron netwaak Bome practical significance, it is
only able to solve linear problems (Bishop 1994).mich more powerful class of
networks is obtained by connecting many neuron etgs A number of neurons linked
together in parallel are called a layer of neurarg] when several of these neuron
layers are linked in series, a multi-layer neuetinork is created. The schematic model

of a three-layer network is illustrated in Figur8.3
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r N7 A\ 4 N\ 4 A\
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Figure 3.3 Model of a three-layer network (Hag@@emuth & Beale 1996)

A multi-layer network typically consists of an irtpuector, a number of intermediate
layers, termed hidden layers, and an output lafg@ach neuron has a bids, a
summation function, a transfer functibrand an outpug. Neurons in each layer are
connected to all the neurons in both the previousthe subsequent layer. The outputs
of the first layer are the inputs for the secongetathe outputs of the second layer are
then again the inputs for the third layer, and sqtdagan, Demuth & Beale 1996). As
the information in a multi-layer perceptron netwamkoves in only one direction
(forward) from the input nodes, through the hiddexdes to the output nodes, the type
of network is called a feed-forward neural networlk, there are no loops in the

architecture.
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The Backpropagation Algorithm

The development of a powerful learning algorithm foe feed-forward multi-layer
perceptron network, however, turned out to be m@wiatic. During the 1960’s and
1970’s, neural computing suffered fierce criticigrom proponents of the field of
Artificial Intelligence, and in particular from thieook ‘Perceptrons’ by Minsky and
Papert (Minsky & Papert 1969). Their criticism fgsed on a class of problems called
linearly non-separable, which could not be solvgdaby of the then-available training
algorithms. In the early 1980’s, however, a dramagisurgence of interest in neural
networks began with the discovery of learning athors based on error
backpropagation, which was popularised by the bPakallel Distribution Processing’
by Rumelhart et. al (Rumelhart, Hinton & William886). With the backpropagation
algorithm the solving of linearly non-separablet@at classification problems was
finally possible (Bishop 1994). The main objectofethe backpropagation algorithm is
to optimise the weight and bias parameters of waritin order to minimise a specified
error function. This is achieved by determining émeors for the neurons of the hidden
layer by back-propagating the errors of the neurofghe output layer. A brief

description of the general backpropagation algorith presented below.

The backpropagation algorithm falls into the cladssupervised learning, where a
learning algorithm is trained on examples of dekibehaviour. In a backpropagation
multi-layer network, the outputs of one layer beeadtime input to the subsequent layer

following equation
a™ = f™iwm™am™p™) (3:8)

form =0, 2 ..., M-1with M being the number of layers. The neurons in tre fayer

receive external inputsal = p), and the outputs of the neurons in the last l¢ies

output layer) are the network outputa & a"). The backpropagation algorithm is

provided with a set of example data:

{pt} . {pt}. {83 (3.9)

where p, is an input to the network art is the corresponding target value. As each

input is applied to the network, the network outputalculated and compared to the
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target. The algorithm then adjusts the network’sghveand bias parametess,andb, in

order to minimise an error function. Here, the meausare error function is employed:

E |(-a)] = E[(¢] (3.10)

n
—
X
~
1

w=|W 3.11
oI (3.11)

whereW is the weight matrix ant the bias vector of the network. If the network has

multiple outputs, equation (3.10) can be generdlise

F(x) = E|(t-a) (t-a)| = E[d ¢ (3.12)

The mean square error can be approximated by

F(x) = (tlk)-alk))" (t(k)-a(k)) = " (k) efk) (3.13)

where the expectation of the squared error is cedldy the squared error at iteration

The propagation of one set of input/target vect{)p@,tl} is called a cycle. The
propagation of an entire set of training d{\m ,tl},{p2 ,tz}, ...,{pQ ,tQ} is called an

epoch. Training of a network may require hundredhousands of epochs for all of the

training cases to be learned within a specifiedrdnlerance.

3.3.3  Artificial Neural Network Design

A key issue in neural network applications is tdedmine the architecture of the
networks. The design of a neural network compresewries of steps. The following
entities must be decided upon:

» Type of neural network (feed-forward neural netwaddial basis function network,
Kohonen self-organizing network, recurrent netwoskpchastic neural network,
modular neural network, etc.)

* Learning algorithm (backpropagation, perceptronriies rule, Widrow-Hoff
learning rule, etc.)

* Number of layers and neurons
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» Transfer function (hard limit, linear, logistic si@id, tangent sigmoid, hyperbolic
tangent sigmoid, etc.)
» Convergence algorithms (Levenberg-Marquardt, QNasiton, conjugate gradient

descent, quick propagation, online backpropagatitagpest descent algorithm, etc.)

For this study, feed-forward multi-layer neuralwetks based on backpropagation are
used as they are the most widely and successiofiijesl networks in structural damage
detection. Feed-forward networks are universal @aprators, which are able to

approximate any continuous multivariate functioraty degree of accuracy (Funahashi

1989). The propagation of one set of input/tar@tt(vrs{ P, ,tl} is called a cycle. The
propagation of an entire set of training dém ,tl},{p2 ,tz}, ...,{pQ ,tQ} is called an

epoch. Training of a network may require hundredhousands of epochs for all of the

training cases to be learned within a specifiedrdnlerance.

Number of Hidden Layers and Neurons

The determination of the appropriate humber of érddayers and neurons is rather
problematic as no standard rules are availableogfmum number is dependent on the
complexity of the problem, the number of trainirgses, the amount of noise in the
target, and the utilisation of overfitting regukations. Using too few hidden units
results in high training error and high general@akerror due to underfitting and high
statistical bias. A network with too many hiddentsiiends to memorise the training
cases, which leads to a low training error but ghhgeneralisation error due to
overfitting and high variance. Some general rulagehbeen proposed by a number of
researchers. Masters (1993) suggests the geomgtamid rule, which states that, for
many practical networks, the number of neuronsovadl a pyramid shape, with the
number decreasing from the input toward the outpi@lmorogov and Lippmann
propose that the number of hidden neurons be edémilas2N+1, whereN is the
number of input neurons (Maren, Jones & Frankli@Q)9According to Sarle (1995), if
early stopping is used, it is essential to use nfagdgen units to avoid bad local optima.
Other researchers suggest the use of the trialearaat principle to obtain the best
suitable number of hidden layers and neurons fgivan problem. In this study, the
networks are designed following the geometric pydamle with a large number of

hidden neurons and overfitting regulations.
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Transfer Function

The transfer function is another component thatdsde be specified. A selection of

typical transfer functions is shown lrror! Reference source not found.

(©) (d)

Figure 3.4 Transfer functions: (a) hard limit trsfier function, (b) linear transfer
function, (c) logistic sigmoid transfer function dar{d) hyperbolic tangent sigmoid
function (Hagan, Demuth & Beale 1996)
The hard limit transfer functionE¢ror! Reference source not found.(a)) sets the
output of the neuron to O if the function argumisniess than 0, or 1 if its argument is
greater than or equal to 0. This function is usedlassify inputs into two distinct
categories. The linear transfer function shown EBrror! Reference source not
found. (b) produces outputs identical to the inputs; fheo words, it just passes the
activation level directly as the output. The logisgigmoid transfer functiongfror!
Reference source not found(c)) converts the input, which may have any value
between plus and minus infinity, into outputs ramggirom O to 1, according to:

1

a = Tre (3.14)

The hyperbolic tangent sigmoid function, which Istfgd inError! Reference source
not found. (d), is very similar to the logistic sigmoid trésfunction, with its output

ranging from -1 to +1 rather than from O to 1. Thisction is defined as:
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a = tank ﬁ:% (3.15)
Most networks of practical interest make use ofngiglal transfer functions (logistic
sigmoid or hyperbolic tangent sigmoid). Empiricatlys often found that the hyperbolic
tangent sigmoid transfer function gives rise tadasonvergence of training algorithms
than the logistic sigmoid function (Bishop 1994).this study, networks are designed
with the hyperbolic tangent sigmoid transfer fuactifor all hidden layers and the
output layer. As the hyperbolic tangent sigmoidhs$far function operates in the range
of -1 to 1, all input and output data are normalisetween the interval of [-1, 1]

according to the equation

2(X_Xmin) -1

Xy = ~
Xmax ~ Xmin

(3.16)

wherex, is the normalised input/output valueis the actual input/output valugy, is
the minimum actual value of the input/output maixd Xmax IS the maximum actual

value of the input/output matrix.

Convergence Algorithm

The selection of an appropriate convergence funasosimilarly problematic. Again,
many factors influence the choice of an adequatevergence function, such as the
complexity of the problem, the size of the traingeg, the number of parameters in the
network, the error goal, and the type of probleom¢tion approximation or pattern
recognition). Further, different convergence fuoies vary in terms of convergence
performance, memory requirements, training efficieand convergence speed. Many
studies comparing different convergence functioagehbeen undertaken (Demuth &
Beale 2002; Fang, Luo & Tang 2005; Hagan & Menh@94). Due to the high
dependence of the performance of the convergenesidm on the actual problem, in
this study, three types of convergence algorithreseanployed; the quick propagation
function, the conjugate gradient descent functio #@he online backpropagation
function. Each network is trained with each of tineee convergence functions, and then

the best one is selected by comparing their pedooe.
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Generalisation/Overfitting

A crucial element for neural network training ishgealisation, which is the capability
of a network to reproduce correct output valuestha training samples while also
delivering reasonable outputs for new data thatehaot yet been presented to the
network. Overfitting is a well-known phenomenonwhich a learning algorithm fits the
parameters of a network too close to the trainetgaad thereby drives the training error
to a very small value. An overfitted network merses the training examples, but it has
not learnt to generalise for new situations, sd thlaen new data is presented to the

network the error is large (Xu 2005).

To avoid overfitting during training and to increathe generalisation capability of the
network, several methods have been proposed bgrodses, such as pruning (Hassibi
& Stork 1993), regularisation methods (Krogh & Heft995) and the early stopping
method (Prechelt 1995). All networks in this stuhe the early stopping method during
training. Here, the input sets of the networks dikéded into three sets: a training, a
validation and a testing set. While the networkuat§j its weight from the training

samples, its performance is supervised utilisireg \thlidation set to avoid overfitting.

The network training stops when the error of thigdasion set increases while the error
of the training set continues to decrease, whidhaespoint at which the generalisation

ability of the network is lost and overfitting ocsu

3.3.4 Neural Network Ensemble

Biological studies have shown that the human bfanctions not as a single massive
network, but as a collection of small networks tae¢ dedicated to different subtasks
and work together to accomplish complex nervousesydasks. This realisation gave
birth to the concept of neural network ensembldso(aeferred to as committees,
classifier ensembles or modular networks), in whiekieral small networks cooperate
or compete to solve problems. Hansen and Salang®0)were the first researchers to
form the idea of the neural network ensemble, wiéch learning paradigm wherein

several ANNs are trained simultaneously and inddeetly for the same task (Sollich
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& Krogh 1996). Since 1990 this technology has bee@rhot topic in both the neural
networks and machine learning communities (Shark@96), and has already been
successfully applied to areas such as face redognibptical character recognition,
scientific image analysis, medical diagnosis, s&sttassification and financial trend
prediction. In a neural network ensemble, each osdvs first trained individually, then
the outputs of each of the networks(e= 1, 2 ...n) are fused to produce the ensemble

outputa. A model of a two-stage neural network ensemb#h@vn in Figure 3.5.

Individual Networl

First
Hidden Layer

Input Layer

P1 Second
[N Hidden Layer
Ps Output Layer

Network 1

Network
Output

Network Ensemb!

Network 2 o —p e
. o Network
. Ensemble
. Output
Network n

Figure 3.5 A two-stage neural network ensemble.

Hansen and Salamon showed that the generalisdiibty af a neural network system

can be significantly improved through ensemblingumber of neural networks and
then combining their predictions (Zhou, Wu & Tan@02). As each network makes
generalisation errors on different subsets of thgui space, the collective decision
produced by the ensemble is less likely to be yahtn the decision made by any of the
individual networks (Ying, Jun & Xuezhi 2005). Hoet, as processing in a network
ensemble is divided into separate, smaller subtéisescomputational effort is generally
greatly reduced (Kosslyn 1994). A neural networlseznble can learn a set of
functional mappings faster than a correspondingajlanonolithic neural network

because each individual network only has to learfpassibly simpler) part of the
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overall functional mapping. Also, network ensembllee an inherent capability of
decomposing separable tasks into a set of sima#kst thus enhancing the network’s

learning ability and reducing the learning time ¢Az 2000).

In 1995, Krogh and Vedelsby (1995) derived the fadation for ensemble error in the
case of regression using a linearly weighted engerilhe researchers showed that the
ensemble error can be divided into a term measuh@gverage generalisation error of
each individual network and a term called divergay ambiguity) that measures the
disagreement among the individual networks. Fogragemble consisting afnetworks,
the output of network on inputx is calleda'(x). The weighted ensemble average (being

the final output of the ensemble) is denoted by
a(x) =2 wa (¥ (3.17)
The diversity termd" of networkr on inputx is then defined as

d'(x) = [a (-3 Y] (3.18)

The quadratic error of networke', and of the ensemble, are, respectively

e (x) = [a(N- ()] (3.19)
and
(¥ = [A)- (3] (3.20)

where f(x) is the target value for input. Defining the averages over the input

distribution of d", ¢ and e as D', E' and E respectively, then the ensemble’s

generalisation error can be shown to consist ofdistnct portions:
E = E-D (3.21)

where E(: ZV\4E'j is the weighted average of the individual netwbrks

generalisation error and (z ZWr Df] is the weighted average of the diversity
r

among these networks, which is a nonnegative vdlnis. equation shows that an ideal

ensemble consist of highly correct networks thaagiee as much as possible, and the
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generalisation error of the ensemble is always lemtdan the average of the individual
errors, that is

E < E (3.22)

In general, the individual networks in a networksemble exhibit the following

characteristics (Azom 2000):

e The individual networks are domain specific and ehapecialised computational
architectures to recognise and respond to cerntdigets of the overall task.

» Each individual network is typically independentodfier networks in its functioning
and does not influence or become influenced byrotiaelules.

» The individual networks generally have a simpleshéecture as compared to the
system as a whole. Thus, a single network can nespm a given input faster than
can a complex monolithic system.

* The responses of the individual networks are singplé have to be combined by

some integrating mechanism to generate the congdersall system response.

Design of a Neural Network Ensemble

A neural network ensemble is designed in two st&pst a number of individual
networks must be created, and then the networksdigiions must be combined

according to certain rules (Ying, Jun & Xuezhi 2005

Design of the Individual Neural Networks

Combing the output of several networks is only uk#fthere is disagreement on some
inputs. Combining several identical networks chegmoduces no benefit. Theoretical
and empirical work shows that an effective ensendileuld consist of a set of
individual networks that are not only highly coirebut also make their errors on
different parts of the input space (Hansen & Salarh®90; Krogh & Vedelsby 1995).

The individual networks can be designed in thréedint ways.

* Networks can be designed differently by varying tieéwork type (such as multi-
layer perceptron networks or radial basis functi@iworks), number of hidden

layers and neurons, learning algorithm, transfactions or initial random weights.
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* Networks can be trained with different trainingssethese can, for example, be
obtained by randomly splitting the data set, omubing learning sets extracted from
different data sources (e.g. sensor).

» Networks can be both, individually designed anth&d with different training sets.

The last method was evaluated experimentally byrige (1996), who concluded that
varying the network type and the training data #me two best ways for creating
individual networks that make different errors.

Combination of Neural Outputs

When a network ensemble is applied to a classifiogtroblem, voting is usually used
to combine the network outputs. Hansen and Salgi@®0) proved that if the average
error rate for a certain problem is less than 50fb the networks in the ensemble are
independent in the production of their errors,élkpected error for that problem can be
reduced to zero as the number of combined netwapgsoaches infinity. However, this
theory rarely holds in practice as the networksgeeerally not independent. When a
network ensemble is applied to a regression propleitimer simple or weighted
averaging is used. Opitz and Shavlik (1996) foumat simple averaging outperforms
weighted averaging, since optimising the combiniwgights can easily lead to
overfitting problems. Perrone and Cooper (1993)ppsed that weighted averaging
performs better as each network can avoid overfjthy using cross-validation. Sollich
and Krogh (1996) concluded that in large networkeenbles, simple averaging should
be used. In this way, a global optimal generalisagrror on the basis of all available
data can be reached by optimising the trainingsizets of the individual networks. For
ensembles of a more realistic size, optimising ¢heemble weights can still yield
substantially better generalisation performance traoptimally chosen single network
trained with all data with the same amount of tragmoise.

Training the network ensemble

As for training the neural network ensemble, thesmmmmmon methods are bagging,
boosting and cross-validation. Bagging was propdse@&reiman (1996) and is based
on bootstrap sampling (Efron & Tibshirani 1993)rsEi several training sets are
generated from the original training set, and taerensemble neural network is trained

from each of those training sets. In boosting, psaa by Schapire (1990), the training
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sets of the single networks are determined by #opnance of former networks.
Training variables that are wrongly predicted byvywous networks will play more
important roles in the training of later network&h¢u, Wu & Tang 2002). In cross-
validation, only a portion of the dataset is usedrain the networks, and the rest of the

set is used to assess the capacity of the netwgeke&ralisation ability.

3.4 PRINCIPAL COMPONENT ANALYSIS

Principal Component Analysis (PCA), also known aarhCnen-Loéve transform,
Hotelling transform or proper orthogonal decomposit was developed by Pearson
(1901) and is one of the most powerful statistroaltivariate data analysis techniques
for achieving dimensionality reduction. HotellintO@3) proposed this technique for the
purpose of analysing the correlation structure betwrandom variables. In general,
PCA linearly transforms an original set lofvariables into a smaller set of(n<=k)
uncorrelated variables, the so-called principal ponents (PCs). Eigenvalue
decomposition of the covariance matrix forms theiv@af PCA. The direction of the
resulting eigenvectors represents the directiah®fCs, which are weighted according
to the value of the corresponding eigenvalues. BCHs a linear combination of the
original variables. All PCs are orthogonal to eattier and form an orthogonal basis for
the space of the data. The full set of PCs is etqutile original set of the variables. By
removing PCs of low power, a dimensional reductsoachieved with minimum loss of
information (White, Tan & Hammond 2006). Besideg thenefit of data reduction,
PCA is also a powerful tool for minimising unwanteteasurement noise. As noise
exhibits in a random pattern, which is not cormtiatvith a global characteristic of the
data set, it is represented by less significant H@srefore, by disregarding PCs of low
power, measurement noise is filtered out. TodayA PCused for data compression,
feature extraction, noise reduction and data poeg®sing in a variety of fields, such as
image processing, flow visualisation, pattern redxtgn, time-series prediction and

structural dynamics.

Geometrically, PCA can be considered as a rotatfdhe axes of the original variable
coordinate system to new orthogonal axes, calledicgpal axes’, such that the new
axes coincide with the directions of maximum vaoiatof the original observations. An

example is depicted in Figure 3.6.
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Xz

e

X X1

Figure 3.6 Geometrical description of principalnaponents.

In the exampleY: andY- are the principal axes; the poiytgandys; give the PGscores
for the observatiom; = (X, X); the cosine of the anglebetweeny; andX; gives the
first component of the eigenvector correspondin;torhe pointy;; is the projection of
the pointx = (xyj, Xj) onto the axis defined by the directiofi. This axis has the
property that the variance of the projected poyatswith j =1, 2, ..., kis greater than
the variance of the points when projected onto atimgr line or axis passing through
(x,%,). The pointy,; is the projection of the point= (xy, X;j) onto the axis defined by

the directionY,, orthogonal toy;.

Following is a description of the derivation of PC@iven is the data se{; with
(i=1,2,...,mand (=1, 2, ..., B, wherem is the total number of observations dnd
the dimension (variables) of the observations (he. number of observed variables).

First, the mearx; and the standard derivatigrof thej™ column is obtained from

Z % (3.23)

(3.24)
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Then, the data seX is transformed into the standard normal spacedipig the

variation matrixX . A normalised eIemenS‘iij Is given by

o X~
% = 95 (3.25)
S

The covariance matri is expressed as
ST o

C = X X (3.26)
m-1

Finally, the PCs are obtained from

Cp =A4p (3.27)

which is the eigenvalue decomposition of the cararé matrixC, with A; being thei™
eigenvalue andpy the corresponding eigenvector. If the eigenvalaes sorted in
descending ordev{ > A, >, ...> Ap), their corresponding eigenvectorgu( pz, ..., Pn).

are the PCs. In general,/ Y A gives the relative amount of variance that itheC

captures. The first PC, which is the largest eighmy and its associated eigenvector,
represents the direction and amount of maximunaidity in the original data set. The

second PC, which is orthogonal to the first PCrasents the second most significant
contribution from the data set, and so on. The nsigtificant PCs represent the
features that are most dominant in the data setbysdiscarding components that
contribute least to the overall variance, the disn@m of the original data set can be

reduced significantly (Zang & Imregun 2001b).

3.5 SUMMARY

This chapter presented fundamental information diiN& and PCA. An overview was
given on the biological neural network and the infation processing in a single
artificial neuron. The operation of multiple neusosf a multi-layer perceptron network
was described and the backpropagation algorithmlagwga. Further, practical

comments were given on the creation of efficientraknetwork designs. Lastly, basic

information relating to PCA was presented.
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CHAPTER 4

MODAL TESTING AND EXPERIMENTAL MODAL
ANALYSIS

4.1 INTRODUCTION

Modal testing and experimental modal analysis (MM&) is the process of
characterising the dynamic properties of a testciire by exciting the structure
artificially and identifying its modes of vibratiofRamsey 1982). When a structure is
damaged, e.g. its geometrical properties changdatndary conditions modify or its
material properties alter, the dynamic charactessof the structure change. These
changes are the basis for the presented damag#iaion methods, and MT&EMA

serves as a means to extract the dynamic propéstiéise given structures.

This chapter, firstly, describes the fundamentélsI6&EMA; secondly, introduces the
two test structures (the simply supported steelmbemnd the two-storey framed
structure) and describes the different damage/addess scenarios; thirdly, explains the
experimental set-up and testing; and finally, pnesethe extracted dynamic
characteristics of the two baseline structuresthanl modifications.

4.2 FUNDAMENTALS OF MODAL TESTING AND EXPERIMENTAL
MODAL ANALYSIS

In MT&EMA the dynamic characteristics of a struauare identified from its
vibrational responses. While modal testing deseribe performance of the testing and
the acquisition of the modal data from the tesicitire, experimental modal analysis is
the process of determining the modal parameternsir@arequencies, damping ratios
and mode shapes) from the acquired data. GeneMINZREMA can be divided into
three major steps: signal processing, frequencgorese function (FRF) and modal

parameter estimation.
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4.2.1 Signal Processing

Signal processing deals with the analysis of akadtrsignals. One concern is the
conversion of analogue signals into a correspondieguence of digital values. The
other concern is the transformation of the digdata from the time domain to the
frequency domain by using the discrete Fouriersti@mn algorithm. As the Fourier
transform algorithm involves discrete data overinaited time period, digital signal
processing errors such as leakage and aliasing lmeayntroduced. Further, noise
interferences due to electrical noise on the tracedsignals (e.g. power supply noise,
cabling motion, rattles) may also create errorssiinal processing, these errors are
reduced as much as possible by using differennigaks to obtain a better spectrum of
results (Allemang 1999). The process of acquiring aonverting physical quantities

from analogue to digital electrical signals andrirome to frequency domain is shown

| Conditioner and Amplifier ‘

in Figure 4.1.

Anti-Aliasing

‘ Sample and Hold ‘

| Analogue to Digital

Time Trace Display I—‘ Store ‘
‘ Waveform Processing Windowing

|
‘ Spectrum Processing ’—‘ FFT ’—‘ Display I—‘ Store ‘
| |

Figure 4.1 Digital signal processing (Abdul Rahni99).

When a structure is excited, its physical motionaptured by transducers. Transducers
convert the physical motion to electrical signdalmmon transducers for vibration
measurement include piezoelectric accelerometarspi@zoresistive accelerometers)

and force transducers in mechanical and strucapplications. Piezoelectric sensors
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are commonly comprised of materials such as quartzramic. When a piezoelectric
sensor experiences a change in load, such as ceshmdorce, an electrical charge is
generated, which is usually a function of frequerfeygzoelectric sensors can measure
the generated charge by preloading the internatidnal forces. These types of sensors
usually operate within a wide range of frequendye Electrical signals acquired by the
transducers are analogue signals, which requirditoning and amplifying. A signal
conditioner is used to condition the analogue dggfram the transducer into voltage
proportional to the measured physical quantitiegn&® amplification increases the

resolution of the input signal and increases gaal-to-noise ratio.

In signal processing, there are some pitfalls thight result in a loss of accuracy of the
signal, such as aliasing and spectral leakage siAllais a phenomenon that occurs
when the sampling rate is less than twice the lsigliequency in the data. It is a result
of the inability of the Fourier transform to deciddnich frequencies are within and
which ones are outside the analysis band (Allemaf§9). Aliasing produces a
distorted representation of data, which could tesukignificant erroneous frequency
interpretation in the vibration analysis. Aliasiatyo occurs when converting analogue
(continuous) data to digital (discrete) data. Fegdir2 gives an illustration of the aliasing

phenomenon.

2 Hz

\ / " [~10 Hz

Figure 4.2 Aliasing phenomenon (Allemang 1999).

Aliasing can be minimised by using a sampling rateat least twice the highest

frequency present in the data, which is formuldtg&hannon’s Sampling Theorem:

1
Foamp = 7o = Fruet 2 (4.1)
Fuo 2 Fus (4.2)
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The Nyquist frequencyrnyg is the theoretical limit for the maximum frequgrévax.
Signals above-\yq will appear after being digitised as a frequeneyoty Fnyq This
serious error is controlled by using anti-aliasorganalogue filters, which are low-pass
filters that automatically cut-off frequencies atatove half of the sampling frequency,
Fsamp (Allemang 1999).

An analogue-to-digital converter (ADC) converts #malogue input signal into a digital
form. The acquired continuous signal is first seed@nd then converted into a discrete-
time series digital signal. The time interval betwdwo samples is equal to the inverse
of the sampling frequency. The resolution of digsignal samples is equal t8,2vhere

B is the number of bits used in the ADC. For exampl16-bit ADC will discretise the
amplitude range of the signal to a resolution G&5grids.

After the digitising process, the continuous tingnals are discretised into a sequence
of values commonly known as discrete time seriedis8rete time series has values that
are defined only at discrete values of time. Digctgne signals, also known as signals
in the time domain, usually consist of many fregmencomponents that are
superimposed. The conversion of a time signaliistearious frequency components is,
for example, performed by the fast Fourier transf@fFT). The FFT algorithm is given

as:

P4
iN

x(k) =2, X( 1) w* (4.3)

j

1l
o

which represents the discrete sexflg at the time instark of a sampled datd, with
k=0,1,2,...N-1andj =0, 1, 2, ...N-1 whereWy = €”>”™. The concept of the

discrete Fourier Transform is illustrated in Figdta.
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Amplitude

Figure 4.3 Discrete Fourier transform concept @alang 1999).

During the process of fast Fourier transform, sgoneblems may occur, such as
leakage. Leakage is the unwanted distortion cabgeattificial truncation of sampled
data (Maia et al. 1997). A common tool used to ocwere the leakage problem is
windowing. This function consists of a processweéighting’ the original time history
data to reduce the noise distortion and the etiet@#akage. There are a few developed
window functions, such as uniform, hamming, hannfogce and exponential windows.

The latter two were used in this research and ae#lyodescribed below.

A force window is usually applied to the impact gxion to remove noise from the

impulse signal. Ideally, the impulse signal is remme for the small time period of the

excitation (e.g. hammer hit) and zero for the remmgy time. Therefore, any non-zero

data following the impulse signal is assumed tabise and thus is considered to be
zero, as illustrated in Figure 4.4 (a). Exponentihdows are commonly used for

response signals, to ensure that the transienglsitptays sufficiently at the end of the
sampling period, as depicted in Figure 4.4 (b).sTdecay is employed by introducing

artificial damping into the measurement data. (Saav& Richardson 1999)

oo e

() (b)

Figure 4.4 Windowing functions (a) force windowddh) exponential window.
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4.2.2 Frequency Response Function

FRFs are widely used for dynamic system identiidcain many industries, including
the automotive, machine tool and structural engingeindustries. The general

procedure for utilising FRFs for system identifioatis shown in Figure 4.5.

Time qlv-————- ﬂgﬂﬂﬂ%@ﬂﬁb
Impulse

Response
I_ FFT I

__\\\—’—/

WRE& Modal Parameters
€ = Frequency
e g Imag = Damping

» Mode Shape

Transfer Function

Figure 4.5 Transfer function method (AgilentTedbgaes 2000)

FRFs are used to describe the input-output (foespanse) relationship of a system. To
obtain FRF data, transducers (e.g. acceleromatasjd an electric output signal from
the test structure, while the input signal is atdi from the source of excitation. For
example, the input sign&{a) with respect to frequency is the force applied to the
structure (e.g. with a modal hammer) and the owsmrtalg(c) is the response motion
signal obtained from the accelerometers attacheth@éosystem. The FRAH () for
each point on a system is the ratio of the outptié input after Fourier transformation,

as shown in equation (4.4).

_ output _ Jdw)
input  f(w)

H (@) (4.4)

In real life testing, FRF data can be estimatethfroeasured data by two methods. The
first method normalises the cross input-output spet Gi(aw) by the input auto-

spectrunGsg(a), described as:

Gfg (C!))

H,(w) = G, (@)

(4.5)
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where Gig(a) = f(a)*xg(a) is the cross spectrum, whi@x(c) = f(«)*f(a) is the input
auto-spectrum. And the second method normalisesatite spectrum of the output
Gyo(@) by the cross input-output spectr@g(a), defined as:

)

— Ggg(
Ho() =2 (4.6)

whereGyy(a) = g(a)*xg(a) is the output auto-spectrum.

FRF can be presented in rectangular coordinates et vs frequency, and imaginary
part vs frequency) or in polar coordinates (ampktws frequency, and phase vs
frequency). At resonance, in the rectangular ptesen, the imaginary part is a
maximum and the real part is zero. In the polartesys the magnitude reaches a
maximum at resonance, while the phase lag appred@MeThis is shown for a single-
degree-of-freedom (SDOF) system in Figure 4.6. &hekaracteristics enable the

identification of the modal parameters of a streetiutom the FRF.

¥ s
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(@) (b)

Figure 4.6 FRF graphs in (a) rectangular and (b)lgr coordinates for a single-
degree-of-freedom system.
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4.2.3 Modal Parameter Estimation

In general, a systems modal parameters (natupldrecies, damping and mode shapes)
can be estimated through three different approadheanalytical systems, the modal
parameters are determined from the system matnicésrmulating the eigensolution of
the system. In experimental modal analysis (EMAg, mmodal parameters are extracted
either from the FRF in the frequency domain, onfrthe impulse response function
(IRF) in the time domain. The three different meth@f modal parameter estimation

are illustrated in Figure 4.7.

Analytical
Differential Equations
M 5t + C %(6) + K x(t) = f{t)
Fourier Transform
System Matrix Eigensolution Modal
[ M@+ C @+ K] X{0) = Fic) ™1 Parameters

& Matrix tnverse

) 4
FRF Matrix

Curve Fit Modal
X(w) = [ H(0)] F{o) Parameters
i Fourier Transform
Impulse Responses Curve Fit . fiiodei
[ Parameters

Experimental

Figure 4.7 Modal parameter estimation methods {&ch & Richardson 1999).

In EMA, the modal parameters are mainly estimatethé frequency domain by means
of FRFs and curve fitting techniques. Generallyyeditting is a process of matching a
mathematical model to a set of measured data pdihis is done by minimising the

squared error (or squared difference) between tlag/ical function and the measured
input-output data. All curve fitting methods fatito one of four categories: local single
degree of freedom (SDOF) method, local multiplerdegf freedom (MDOF) method,

global method and multi-reference (poly referemoejhod (listed in order of increasing
complexity). SDOF methods estimate modal parameteesmode at a time, whereas
MDOF, global and multi-reference methods can esgénmaodal parameters for two or

more modes simultaneously (Schwarz & Richardsor®)199
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In early applications of EMA, frequency domain mibge@rameter estimation was
typically performed using simple local single-degid-freedom (SDOF) curve fitting
methods. Such methods were able to extract alethmedal parameters (frequency,

damping and mode shape) directly from a set of FiRRsurements.

Nowadays, most EMA methods are based on MDOF methelich also use curve-
fitting methods to determine the modal parametdsany of these methods use
numerical techniques that separate the contribsitadnndividual modes of vibration in
measured FRFs by estimating the individual SDOFtrdmrtions to the MDOF

measurement. This concept is graphically illusttateFigure 4.8.

10

Log Magnitude (dB)

Frequency (Hz)
Figure 4.8 MDOF — SDOF Superposition (Allemang4)99

A number of MDOF-based methods were developed theepast decades, such as the
complex exponential, rational fraction polynomiadlyreference frequency domain and
matrix decomposition methods. In this study, a métballed frequency domain direct
parameter identification (FDPI) is used to estim#te modal parameters. This
technigue is a MDOF method that is also capablegafreference analysis. The
principle of the FDPI method is briefly describesifallows. Given is the equation of

motion of a linear and time-invariant structure:
M y(t)+C y(t)+ K y( )= f(9) 4.7)

When transformed into the frequency domain, thisaiqgn can be reformulated in
terms of measured FRFs:

[~/ +jar + A |[H(w)] = jaB, +B, 4.8)
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where w = frequency variableA, = MK (the mass modified stiffness matrix),
A1 = M 'C (the mass modified damping matri(w) = matrix of FRF’s, and,, B, are
the force distribution matrices. When equation \4s&ssembled for all available FRFs
the unknown matrix coefficient&,, A1, Bo andB; can be estimated froi(w). Hence,
measurement datd(w) can be described by a second order linear modkl a@nstant
matrix coefficients. For the identified matricelse tsystem’s poles (hatural frequencies)
and mode shapes can be estimated via an eigeraadueigenvector decomposition of
the system matrix.

A A
4.
{ A (4.9)
This will yield the diagonal matrixf] of poles and a matri¥ of eigenvectors. In the

final step, the modal participation factors areinegted from another least squares
problem, using the obtained][and ¥ matrices (CADA-X 1996).
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4.3 EXPERIMENTAL SET UP AND TESTING OF LABORATORY BEAMS

4.3.1 The Test Beams

In this study, the first structure to be investeghtexperimentally was the pin-pin
supported steel beam. A photo of the beam an@stsset up is depicted in Figure 4.9.
In total four identical beams were tested to stsighgle damage cases at four different
locations. The dimensions of the beams were 12 nym3d mm by 2,400 mm.
According to the manufacturer's specifications theodulus of elasticity was
200,00&10°N/m?, the Poisson’s ratio was 0.3 and the density w8507 kg/ni. A
specially designed support system was used to cbrihe beams with the concrete
supports to provide well-defined boundary condsiowhich are very close to a pin-pin

connection.

Figure 4.9 Experimental test set up.

To study damage scenarios at different locatiomkdrvarious intensities, a total of 16
single damage cases were investigated. These relatamage at four different
locations each having four levels of severity. Ther damage locations were at %/8
5/8", 6/8" and 7/ of the span length and are referred to in the¥dlg as ‘4, ‘5, ‘6’
and ‘7’ (as shown in Figure 4.9). (Only these ftagations were studied as the beam
structure is symmetric and no additional informatie gained by investigating damage
cases across the entire length of the beam.) Turediamage severities, termed as extra
light (XL), light (L), medium (M) and severe (S)ieaof notch type with 1 mm notch
width and lengths of 1 mm, 4 mm, 8 mm and 12 mnspeetively. These damage
extents correspond to a cross-section loss of éghernsl moment of area, |, of 9.09%,
33.01%, 57.81% and 75.59%, respectively. Damagegradually inflicted by a saw
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cut from the soffit of the beam. The four damageessées are depicted in Figure 4.10.
All damage cases are listed in Table 4.1.

(a) (b)
(c) (d)

Figure 4.10 Experimental damage (a) 1 mm, (b) 4 (a8 mm and (d) 12 mm cut.

Table 4.1 Experimental damage cases.

Damage Cases

Beam 1 | 4XL| 4L 4M 4S
Beam?2 | 5XL| 5L 5M 5S
Beam3 | 6XL| 6L 6M 6S
Beam4 | 7XL| 7L ™ 7S

Note: 4XL = damage at location ‘4’ (47®f the span length) with damage severity ‘XL’

4.3.2 Modal Test Set Up

To identify the dynamic properties of the steelrbeaMT&EMA was performed. In
modal testing, the beams were excited by a modatigd impact hammer at a certain
reference point and the responses of the beams mweasured by accelerometers. In
experimental modal analysis, the converted sigrfaten the hammer and the
accelerometers were analysed and the modal pananétde beams were determined.
Each of the four test beams was tested in its uadadh state and in each of the four
damage states. The set up of the MT&EMA is showRigure 4.11.
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Impact Hammer

Condition?ng An|1plifiers
Accelerometers\_( T T T T R

3

. Experimental Steel Beam
Natural Frequencies P

Damping Ratios —<— i —<— FRF—<— Time History Data
Mode Shapes ==
Modal AnaIyS|s Signal Analyser

Figure 4.11 Schematic diagram of MT&EMA.

The impact hammer used to excite the beams wasBangclel HP 086C05, which is
shown in Figure 4.13 (a). The reference point wagted at location ‘3’ (see Figure
4.9). This position was chosen for the followinggens:

* None of the first seven flexural mode shapes hasde point at location ‘3". (If a
node point of a mode is located at the referenaet ploen this mode is not excited
and hence cannot be identified; e.g. locations ‘“2’,and ‘6’ have node points of
modes ‘2’, ‘4’ and ‘6’. The mode shapes of thetfgeven flexural modes and their
node points along the beam length are illustratdeigure 4.12.)

» Location ‘3’ was chosen over location ‘1’ as ifésther away from the supports, and

thereby, provided better excitation and less ieterice from the supports.
- —DMode 1
7 —Mode 2
—Mode 3
/ —Mode 4

—Mode 5
Mode 6
Mode 7

Figure 4.12 The first seven flexural mode shapektheir node points.

The beams’ responses were measured by nine eqeplged low impedance
piezoelectric accelerometers, which were mountetherop surface of the beams. The
accelerometers were PCB model 356A08 and model 3878hown in Figure 4.13
(b) and (c)), having a sensitivity range from 94 /gt 100 mV/g. The accelerometers
were located at each end of the beam (in line thighsupports) and at the locations ‘1’
to ‘7’. The time history signals of the impact haemand the accelerometers were

amplified and conditioned by signal conditionersr Ehe input signal of the hammer a

78



Chapter 4: Modal Testing and Experimental Modal lfsia

battery powered signal conditioner (PCB model 4&)Efepicted in Figure 4.13 (d))
was used and the response signals were processegl aismulti-channel signal
conditioner (PCB model 483B03 as illustrated inuFeg4.13 (e)).

The main data acquisition system consisted of a letewWackard state-of-the-art
dynamic analyser (model E1432A) Vxi system equipp&tht two HP Vxi 16 channel
51.2 kHz digitisers with anti-aliasing filter anddagital signal processor in a C-sized
frame (see Figure 4.13 (f)). The data acquisitigstesn was connected to a personal
computer equipped with the LMS CADA-X signal acduos and post-processing

software for experimental modal analysis.

(e) (f)
Figure 4.13 Test equipment (a) Modal hammer, (lweterometer model PCB 356A08,
(c) accelerometer model PCB 337A26 (d) battery pedsignal conditioner (e) multi-

channel signal conditioner and (f) data acquisiteystem E1432A.

For each test, the sampling rate was set to 10:00With 16,384 time domain data
points being recorded. In the frequency domairg tlirresponds to a frequency range
of 5,000 Hz with 8,192 FRF data points, thus givanftequency resolution of 0.61 Hz
per data point. To reduce the interference of n@seraging of three ensembles per test
was employed. To further improve the quality of timee history measurements, the
following signal processing techniques were appl{@these features are integrated in

the LMS CADA-X signal acquisition module.)
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» A pre-trigger delay was used to ensure that theeemhpact excitation signal was
captured.

» A force window was applied to the excitation chdnfimpact hammer force) to
remove noise from the impulse signal and to thereloymise spectral leakage.

* An exponential window was used for the responsenmbia (accelerometer
measurements) to ensure that the transient sighaised sufficient decay at the end
of the sampling period.

The acquired impact and response time history Egf@anplitude versus time) were
then converted into frequency spectra (amplitudsug frequency) using the Fourier
transform, as described in section 4.2.1. By digdihe Fourier transform signals of the
accelerometers (output) by the Fourier transforgmadi of the hammer impact (input),
the FRFs were obtained. For each state of the b@mmamaged state and each
damaged state), five averaged FRFs (from 15 diffebemmer hits) were recorded.
Thereby 25 test measurements were obtained fronh eaeel beam and 100

measurements from the entire test series.

4.3.3 Modal Testing and Experimental Modal Analysis Results of
Beams

From MT&EMA, the dynamic properties of the steebbes (FRFs, natural frequencies,
damping ratios and mode shapes) were determineaddt undamaged and damaged
state. FRFs were directly obtained from the LMS @AK software, and the modal

parameters (natural frequencies, damping ratiosnamde shapes) were extracted from
the FRFs by means of experimental modal analysisgpiures, which were described in

detail in section 4.2.3.

Undamaged Test Beams

Before damage was introduced to the test beamis,afdhbe four steel beams was tested
firstly in its intact state to determine the dynanuharacteristics of the individual
baseline structures. Although specimens were nedegytical, each beam was tested
individually in order to consider minor discrepain the boundary conditions, which
could be introduced from differences in the setgh edamping of the beam supports. A

typical FRF summation function obtained by addipgthe FRFs of all nine sensors
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from beam 1 in its intact state is shown in Figdté4. In the FRF graph distinct
frequency peaks are visible, which describe thst feeven flexural modes. In the
displayed frequency bandwidth, ranging from 0 Hz7@0 Hz, additional peaks are
observed. These peaks indicate other modes (probaisional or transversal modes),

which cannot be clearly identified with the chosensor setup.

Mode 7

Mode 3

Mode 4

Amplitude [g/N]
@

Mode 5 Mode 6

i

0 100 200 300 400 500 600 700
Frequency [Hz]

Figure 4.14 FRF summation function of undamageairbé.

By employing frequency direct parameter identifimat(FDPI) (see Section 4.2.3), the
modal parameters (natural frequencies, dampingsand mode shapes) of the intact
steel beams were extracted from the FRFs utiligiegoost-processing module in LMS
CADA-X software. In Table 4.2, the natural frequierscof the first seven flexural
modes of beams 1 to 4 are listed. The corresporiteggency peaks of these modes are
marked with an arrow in the FRF of Figure 4.14.rkrthe frequency table it is
observed that the modal frequencies of the fowcinbeams show discrepancies, even
though they are supposed to be the same. Withatdnlktviations of 0.55 Hz, 0.47 Hz,
2.35Hz, 4.9 Hz, 4.4 Hz, 15.7 Hz and 4.7 Hz for e®d to 7, respectively, it is noted
that the frequency differences are larger whemtbde is higher. The large discrepancy
of mode 6 is due to the fact that the determinabbrmode 6 from the FRFs was
extremely difficult as the hammer impact point wasy close to a node point of that

mode.
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Table 4.2 Natural frequencies of the first sevexural modes of beams 1 to 4.

Natural frequencies [Hz]
Mode 1| Mode 2| Mode3 Mode#d4 Model5 Mode6 Mode 7
Beam 1 21.60 40.07 129.3F 22149 31039 448.69 3614.
Beam 2 20.27 40.71 125.0p 215.96 302[79 477.86 2816.
Beam 3 21.09 40.21 127.86 218.05 307,09 483.94 6816.
Beam 4 21.01 39.56 124.41  209.65 30044 476.46 4806.

The damping ratios of the first seven flexural nedébeams 1 to 4 are listed in Table
4.3. Here the standard deviations are 0.56%, 00143%, 0.32%, 0.64%, 0.25% and
0.27% for modes 1 to 7, respectively. A generaldrbetween the damping ratios and

the modal frequencies is not observed.

Table 4.3 Damping ratios of the first seven flekunodes of beam 1 to 4.

Damping ratios [%0]
Mode 1| Mode 2 Mode3 Mode#d Model5 Mode6 Mode 7
Beam 1 1.17 0.43 0.57 1.14 2.67 0.8Y 1.64
Beam 2 2.17 1.30 1.21 1.60 2.09 1.18 1.38
Beam 3 2.31 1.01 1.52 1.93 1.21 1.48 1.64
Beam 4 1.41 1.25 0.76 1.55 1.56 1.28 1.05

Figure 4.15 displays the mode shapes of the captm@es of beam 1. Whereas the
deformations of mode shapes 1 to 3 are as expdtedhapes of modes 4 to 7 show
abnormalities at the support ends of the beamslé/ifhtheory, the mode deformations
should be zero at the beam ends (as visible foresxddto 3), an uplifting motion is
noted for mode shapes 4 to 7. This phenomenon e@eatedly observed for all four
steel beams and may be due to resonance interésr@f¢he supports, which occur at
higher frequencies. However, as this study invastsg differences in dynamic
characteristics of structures before and after dgnsaich mode shape discrepancies are

irrelevant for the developed damage identificatimgthods.
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Figure 4.15 First seven flexural mode shapes ahbé.

Damaged Test Beams

When physical modifications occur in a structute,dynamic properties change. These
changes are the basis for the developed damaggficktion methods. The changes of
the dynamic properties due to damage are demoestkat the analytical solution for
natural frequency of a linear vibratory system. Bobi-pinned beam, the analytical

solution for natural frequencies are given as (Gier& Rixen 1997):

2 El
mL

o = (nm)

n

(4.10)

whereaw, is the circular natural frequency of th& mode of the system with modulus of
elasticity E, moment of inertid, mass per unit lengtim and span length. From
equation (4.10), a reduction in stiffne&d)((e.g. caused by damage) leads to a drop in

the natural frequencies. These frequency reductigftect in the FRF data by shifts and
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magnitude changes of frequency peaks. Furtheraasgal frequencies drop, damping
ratios {, which represent the ratio of coefficientto critical damping coefficient,,,

increase and thereby indicate changes to the steuct

Natural Freguency Changes of Laboratory Beams

As stated above, theoretically, the natural fregiesnof a structure drop when damage
is inflicted. For the laboratory beams, Table AAPPENDIX A) lists the results of the
captured first seven natural frequencies of allaimaged and damaged beams. To show
changes in the frequency values, Figure A.1 (APPBND\) illustrates the
corresponding drop in natural frequencies betwemmuencies of the intact and
damaged data. As example, for beam 1, the natwegjuéncy values and their
reductions are also shown in Table 4.4 and Figur6, 4espectively. From the tables as
well as the graphs, the following is observed. Titeguency values of the first and
second flexural modes only experience very minarachanges for all four beams. For
all higher modes, however, a general increaseamdtuction in natural frequencies for
all beams is noted as the severity of damage isesdalthough there are small
fluctuations). Further, if damage is located ataen point of a certain mode, the
frequency of that mode does not change. This phenom can be demonstrated by
damage at mid-span (location ‘4’), which is nodepéor modes 2, 4 and 6 (see Figure

4.16). Here, only minor frequency changes were miesefor these modes.

Table 4.4 Natural frequencies [Hz] of the firstem flexural modes of the intact state
and all damaged states of beam 1.

Beam 1 - Natural frequencies [Hz]
Mode 1| Mode?2| Moded Mode4 Model5 Modg6 Mode 7
Undamageq 21.60 40.07 129.37 221.49 310.39 448.69 614,30
4AXL 21.62 40.09 129.27 221.64 310.78 448.97 615/41
4L 21.49 40.12 129.43 222.06 310.15 449.24 613,78
4M 21.44 40.07 128.03 221.33 307.18 448.65 610[25
4S 21.37 40.05 126.5( 220.68 305.34 44862 601.10
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Figure 4.16 Comparison of reduction in naturalduencies [Hz] of different severities

of damage at location ‘4’ (beam 1).

Damping Ratio Changes of Laboratory Beams

Damping ratios, which accompany the captured moaksanother dynamic quantity
that changes due to damage. Theoretically, the ohgmnmatios should increase as
damage increases. Table A.2 and Figure A.2 (APPENB)Ishow the damping ratios
and differences of damping ratios for the undamagad damaged states of all
laboratory beams. As example, for beaml, dampintigsraand their corresponding
differences are also shown in Table 4.5 and Figut&. With damping ratios ranging
from 0.38% to 3.42% and damping ratio differendestfiating between -1.09% and
1.94%, a rather inconsistent trend is observediblout half of the damage cases, the
damping ratio is even decreasing as the damageityenereases. Studies conducted
by Kato and Shimada (1986) and Salawu and Willigd@95b) observed similar
inconsistencies and concluded that, unlike for mtdrequencies, a reasonably
consistent trend could not be established for dagpatios before and after damage.
The reason for such inconsistency is that damrdifficult to evaluate accurately due

to measurement errors and uncertainties.

Table 4.5 Damping ratios [%] of the first seveexiliral modes of the intact state and

all damaged states of beam 1.

Beam 1 — Damping ratios [%]
Mode1l| Mode?2?2| Mode3 Mode4 Mode5 Modeg6 Mode 7
Undamaged 1.17 0.43 0.57 1.14 2.67 0.87 1.64
4XL 1.45 0.51 0.61 1.12 1.96 0.97 1.56
4L 1.36 0.82 0.55 1.18 2.90 1.06 1.39
4M 1.20 0.58 0.38 1.35 1.87 1.50 1.43
4S 1.17 0.75 0.52 1.19 1.58 1.05 1.11
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Figure 4.17 Comparison of increase in dampingasat[%)] of different severities of

damage at location ‘4’ (beam 1).

Mode Shape Changes of Laboratory Beams

It is commonly acknowledged that local damage wallise changes to the mode shapes
in the vicinity of the damage. These mode shapagés are the basis of one of the
presented damage identification methods utilisiagnage index (DI) values, which are
based on mode shape curvature differences betweenndamaged and the damaged
structures. For the laboratory beams, due to ther@af damage introduced (i.e. saw-
cut damage), the captured mode shapes of theséksn flexural modes showed only
small changes. Figure 4.18 illustrates some gooameles of mode shapes and
corresponding absolute differences of mode shapwgeln intact and damaged beams
of different damage scenarios. Figure 4.18 (a) émdshow mode 1 of damage
severities XL to S of beam 2, which is damagedeation ‘5’, and (c) and (d) display
mode 2 of different damage severities of a beamad@ah at location ‘6’. From the
figures, changes of mode shape vectors are cleasiple. Figures (b) and (d)
demonstrate the high sensitivity of mode shapdsdal damage; it is noted from the
figures that the absolute mode shape differencestla largest in the vicinity of
damage, i.e. near location ‘5’ for Figure 4.18 (@nd close to location ‘6’ for Figure
4.18 (d). Furthermore, it is observed that damagdsgher severity cause larger mode
shape changes (see Figure 4.18 (b) and (d)). Asioned earlier, one of the proposed
damage identification methods utilise damage irglitem the DI method, which is
based on mode shape curvature changes, as damagepfints. By analysing the
curvatures of mode shapes, the observed local stwalge changes are further enhanced

giving better and more robust damage identificatesults.
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Figure 4.18 Mode shapes ((a) and (c)) and absamitele shape differences ((b) and
(d)) of various damage severities. (a) and (b) digpnode 1 of beam 2 damaged at

location ‘5’ and (c) and (d) illustrate mode 2 addm 3 damaged at location ‘6.
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Frequency Response Function Changes of LaboraaymnB

FRFs are directly measured data and are theretoyesensitive to any kind of change.
When damage occurs in a structure, the frequenakspef the FRFs shift and their
amplitudes change. Depending on the severity and type of structural
modification/damage, new frequency peaks can cagdrother peaks can disappear. In
addition, frequency peaks of various modes behafferently depending on the
location of the damage site; whereas some modes/anse sensitive to a specific
damage location, others stay unchanged, whiclorsexample, the case if damage is
located at a node point of a given mode. Figur® Aafd Figure 4.20 show FRF
summation functions of the experimental steel beamshe undamaged state and
various damaged states. Figure 4.19 shows thet effelifferent damage severities and
Figure 4.20 illustrates the impact of various daenégrations to the FRF summation
function. Subfigures (a) display a frequency rafigen 0 Hz to 700 Hz and subfigures
(b) show a close-up of the frequency peak of modanging from 570 Hz to 650 Hz.
From Figure 4.19 (b) it can be seen that with amease in the damage severity, the
FRF peaks of mode 7 shift to the left (indicatinglrap of the natural frequency of
mode 7) and the amplitudes increase, which is argétrend for all frequency peaks.
For the different damage locations displayed iruFegd.20 (a) and (b), the FRF peaks
also change in amplitude and position; here, howenagegeneral trend can be observed.
Such damage induced changes of FRFs are the lbagdisef second proposed damage
identification method. Residual FRFs, which arefedédnces in FRF data from the
undamaged structure and the damaged structuressedeas damage fingerprints in the

second proposed method.

88



Chapter 4: Modal Testing and Experimental Modal lfsia

Amplitude [g/N]

LN
I

6 1

6S
—6M
J]—6L

6XL
—— undamaged

Amplitude [g/N]
i

,7/4 *

0 100 200 300 400 500 600 700
Frequency [Hz]
(a)

6é 1 "

—6M
1| ——6L

6XL :

——undamaged [ . [/

0
570 580 590 600 610 620 630 640 650
Frequency [Hz]
(b)

Figure 4.19 Effects of different damage severibasFRF data. Displayed are FRF
summation functions from beam 3 in the undamagai® sthd damaged states with

defects at location ‘6’ of severities extra-ligheXL), light (6L), medium (6M) and

severe (6S) with subfigure (a) displaying a frequyerange from 0 Hz to 700 Hz and
subfigure (b) illustrating a close-up of the fregog peak of mode 7.
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Figure 4.20 Effects of different damage locati@ms FRF data. Displayed are FRF
summation functions of undamaged beam and damag@ei 1 to 4 with defects of
severe extent at locations ‘4’ to ‘7’ (4S to 7S)wsubfigure (a) displaying a frequency
range from 0 Hz to 700 Hz and subfigure (b) illasitig a close-up of the frequency

peak of mode 7.
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4.4 EXPERIMENTAL SET UP AND TESTING OF LABORATORY TWO-
STOREY FRAMED STRUCTURE

4.4.1 The Two-Storey Framed Structure

A two-storey framed structure was manufactured hea UTS Metal Workshop to
experimentally validate the proposed damage ideatibn method on a more

complicated structure. A photo of the steel frarsedcture is shown in Figure 4.21.

Crossbeam

—

Figure 4.21 Laboratory two-storey framed structure

The structure consisted of two columns, two crogsband four joint elements. The
columns were made of flat steel with a cross-saabio65 mmx 5.5 mm and a height
of 1600 mm and mounted to a steel base with a foathection (see Figure 4.22 (a)).
The distance between the two columns was 800 mne fWo crossbeams were
specially designed to allow an exchange of thetjelaments such as rigid joints, pin
joints and semi-rigid joints. The main body cormisbf a box section of 150 mm

50 mm and a wall thickness of 3 mm. On each endhefcrossbeams, solid steel
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sections were welded to link the crossbeams tqainé elements. Through a straight-
sided notch shaft connection (see Figure 4.22 {hbg)crossbeams were firmly fixed to
the joint elements with a screw preventing the éoirsg of the connection. The
crossbeams were located 700 mm and 1400 mm abevestdel base connection,
respectively and there was a spacing of 700 mmdssivthe steel base connection and
the lower beam, and between the two crossbeams.tjypas of joint elements were
considered in this investigation. One is a rigithjeelement and the other is a pinned
connection. By interchanging these two joint eletsgane can simulate the change of
boundary conditions caused by damage. The joinnehs were screwed to the
columns allowing for a fixed connection. A photo thfe column-joint-crossbeam
connection is shown in Figure 4.22 (b). In orderirteestigate different added mass
scenarios, each crossbeam was fitted with thrdes dtw provide for the mounting of
additional mass. The steel had the following materharacteristics: the modulus of
elasticity was 200,060.0° N/m?, the Poisson’s ratio was 0.3 and the density wa507
kg/n.

(b)

Figure 4.22 Connection details (a) steel baselurmm connection (b) column - joint -

crossbeam connection.
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4.4.2 Damage/Added Mass Scenarios in Two-Storey Framed Structure

The goal of this study was to identify differenh#is of changes in a complex structure.
The two-storey framed structure was introduced withfollowing three damage/added

mass scenarios:

1) Changes of boundary condition: the conditiontheffour joints (J1 to J4, see Figure
4.23) that connected the crossbeams with the caumere changed from fixed to
pinned. Single and multiple joint changes were stigated.

2) Added mass: extra mass was added to the crasshefahe structure at six different
locations, M1 to M6 (see Figure 4.23).

3) Changes of column cross-section: Single damageinflicted to a column by cutting
a notch on a column at two locations (C1 and C8,FKgure 4.23). Three different

severities of section losses were studied.

Figure 4.23 Modified elements of the two-storeyrfed structure.

For damage scenarios due to boundary imperfecteonstal of ten different boundary
changes were investigated. The changes on the boesdwere used to simulate

damage caused by environmental or ageing decay audaworrosion or loosening of
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connections. Joints connecting the crossbeamstigtibolumns behave as either a fixed
or a pinned connection (through interchanging e tiypes of joint elements). A photo
of a fixed and a pinned joint is shown in Figur244.For the fixed joint, the shaft was
welded to the body of the joint, providing a rigidnnection. For the pinned joint, a roll
bearing was built on the shaft allowing the pimdtate freely.

(b)
Figure 4.24 (a) Fixed joint (b) pinned joint.

For the initial baseline state of the structure, fiked connections were used for all four
joints (termed FFFF). Four scenarios of singletjaimanges were studied by swapping
one of the four fixed joints with a pinned jointatime. Six multiple joint alterations
with two joints swapped each from fixed to pinnedrevalso explored. All boundary
changes are listed in Table 4.6.

Table 4.6 Boundary change scenarios.

Boundary | Boundary Joint conditions
case scenario | J1 J2 J3 J4
1 PFFF P F F F
2 FPFF F P F F
3 FFPF F F P F
4 FFFP F F F P
5 PPFF P P F F
6 FFPP F F P P
7 FPFP F P F P
8 PFPF P F P F
9 FPPF F P P F
10 PFFP P F F P

Note: F indicates a fixed joint and P a pinnedtjoin
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For the added mass scenarios, six different masdidms were studied. Added mass is
widely used to study alterations of mass and toukite frequency changes due to
damage. The following researchers utilised massldmage identification studies:
(Carden & Fanning 2003; Cattarius & Inman 1997; iiog et al. 1997; Liberatore &
Carman 2004; Ostachowicz, Krawczuk & Cartmell 20B2rloo et al. 2002; Paul &
Carden 2004, Verboven et al. 2002; Vieira De Mdrateffen 2006; Yan et al. 2005).
For the two-storey framed structure, four disk & kg each were placed on one of the
six stubs of the crossbeams. A screw connectionredsthat the mass was tightly
bound to the structure, as shown in Figure 4.25h\tfie entire structure having a mass
of approximately 87 kg, the added mass equals diti@ihl mass of 10.5%. The six
added mass scenarios were termed after the locafithe masses M1 to M6 (see
Figure 4.23).

Figure 4.25 Added mass at location M1.

For scenarios of damage on columns due to croseise@duction, a column was
inflicted with progressive severities of single clottype damage at two locations.
Locations C1 and C3 of Figure 4.23, which are 350 and 1,050 mm above the steel
base connection, respectively, were chosen as dasi@s. These two locations are the
mid-spans of the upper and the lower column halkegach location, damage of three
severities were gradually inflicted to the columitiva disc grinder (see Figure 4.26).
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Figure 4.26 Cutting of damage using a disk grinder

(@) (b) (©)
Figure 4.27 Section loss of (a) 16.25 mm, (b) 24n7 and (c) 32.5 mm width and
4 mm height.

The three levels of damage severities termed lfght medium (M) and severe (S),
were introduced corresponding to a section logé min in notch width and 16.25 mm,
21.7 mm and 32.5 mm in notch depth, respectivatgs€ section losses correspond to a
cross-section loss of the second moment of areaf 125%, 33.33% and 50%,
respectively. The three damage severities are webim Figure 4.27. All section
reduction scenarios are listed in Table 4.7.
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Table 4.7 Section reduction scenarios.

Section Section
reduction reductiqn Location | Severity

case scenario

1 1L C1 L

2 M C1 M

3 1S C1 S

4 3L C3 L

5 3M C3 M

6 3S C3 S

Note: C1 and C3 indicate the mid-span of the |loavet upper column half, respectively.
L, M and S denote light, medium and severe danmagegectively.

4.4.3 Modal Test Set Up

The dynamic properties of the two-storey frameddtire were again determined using
MT&EMA. In modal testing, the structure was exciteith the same modally tuned
impact hammer as used for the testing of the dieams (see Figure 4.13 (a)). The
reference point for the hammer was located at gpeiuend of a column indicated with
a red cross and noted as H5 in Figure 4.28 (a).hEnemer strike was executed in the
horizontal direction resulting in a lateral exaat of the structure. The responses of the
column and the crossbeam members were measured4bgcdelerometers. The
locations of the sensors are also depicted in Eigu28 (a). In experimental modal
analysis, the acquired signals from the impact hamend the 14 accelerometers were

analysed and the modal parameters of the strudaisgmined.
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(b)
Figure 4.28 (a) Accelerometer locations and (b)nin@er impact points of the two-

storey framed structure.

The accelerometers at locations ‘1’ to ‘8’ were miza on the centreline of the
columns and were set up to measure horizontal exatgins. As the crossbeams
experienced negligible horizontal deformation, teeelerometers of locations ‘9’ to
‘14’, mounted to one side of the crossbeams, medsacceleration in the vertical
direction. The identification of damage/added massnarios by measuring vertical
accelerations is however very challenging as thecstre was only excited in the
horizontal direction, experiencing very small veati accelerations due to secondary

effects.

As the testing of the two-storey framed structweguired 14 accelerometers, different
accelerometers were chosen compared to the testinghe steel beams (see
section 4.3.2). The accelerometers used for théngef the two-storey framed
structure were 14 low cost dual-axis piezoresistizeelerometers of model ADXL320
having a bandwidth of 0.5 Hz to 2.5 kHz. The acweteeters were supplied with a
5V DC power excitation measuring a range of +3g.the purchased accelerometers
were only in a form of circuit board (see Figur@3(a)), they were encased into a
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specially designed housing (depicted in Figure 4I29. The data acquisition system
used was an lotech Dagbook 260 equipped with 2rfp6tichannels (see Figure 4.29
(c)). The software Daqgview controlled the data @sitjan system. While the ADXL320
accelerometers were inexpensive (only sensor titmo@rds without encasing were
purchased) they are of high accuracy, with a sgngitrange of 154 to 194 mV/g
(compared to 94 to 100 mV/g for the PCB accelerensaised for the beam structures).
Before the actual testing, preliminary tests weredticted to compare the performance
of the ADXL320 accelerometers against that of ti@BRaccelerometers. From these
preliminary tests, the accuracy of the ADXL320 dexmmeters was found to be precise
and comparable to the performance of the PCB awoekders. These findings are of
particular interest for the testing of real largmesstructures where a larger number of
(preferably low cost) accelerometers are necessagssess the damage state of the

structures.

WAL
(a) (b) (c)
Figure 4.29 (a) Accelerometer chip ADXL320 (b)eecometer with housing and (c)

data acquisition system lotech Dagbook 260.

For each test, the sampling rate was set to 1,00@apturing a frequency range of
500 Hz and 8,192 data points, thus giving a frequersolution of 0.061 Hz per data
point. The acquired time domain signals from thepast hammer and the 14
accelerometers were processed in MATLAB (The Math&/d2007) using the fast
Fourier transform (FFT) to produce FRFs data in fileguency domain. Using the
modal analysis module of the LMS CADA-X softwardiet natural frequencies,
damping ratios and corresponding mode shapes wéacted from the FRF data. The
details of experimental modal analysis can be fanngkction 4.2. Each damage/added

mass state of the two-storey framed structure wsted 15 times. By combining and
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averaging the FRFs of three tests at a time, fssramed FRF recordings are obtained

for each state of the structure.

4.4.4 Impact Point Determination

The reference point of the impact hammer was detexhafter performing a series of
tests considering five impact locations. The testegact points are shown in Figure
4.28 (b) and are noted as H1 to H5. Impact locatleh to H4 were situated at locations
‘1’ to ‘4’ just to the right of the accelerometeispact point H5 was located at location
‘4’ above the sensor. The selection criteria fa thference point were that it should
excite global and local modes in equal measureaandearly as possible. Figure 4.30
shows FRF summation functions of horizontal aced¢ien responses (from

accelerometers at locations ‘1’ to ‘8’) from alléi hammer impact points.

In the FRF graphs, the first two frequency peak2 k& and 6.9 Hz) are global modes
corresponding to 2 DOF lumped mass model and timaireng peaks are local modes
of the columns (a description of the mode shapegvin in section 4.4.5). As can be
seen from the FRF graphs, reference points H2 ahankinly excite the two global
modes of the structure (Figure 4.30 (b) and (chesk two impact points are located at
the end of and along the crossbeams of the steuetod therefore induce only minor
effects on the local column modes. Reference paidisH3 and H5 can excite global
and local mode shapes (see Figure 4.30 (a), (dYghdFor an excitation at points H1
and H3, however, the local modes of the columnsea@ted more than the global
modes, as these impact points are at the mid-gfaihe two column halves. Hammer
location H5 equally excites global and local motlapes (as seen in Figure 4.30 (e))
and was therefore chosen as the impact point foestk in the following study. Further,
as location H5 is chosen in the centreline of tb&ron, no torsional effects are
introduced. The execution of the actual hammershitiso easier as impact point H5 is
at a comfortable height of 1,600 mm above the diasé and the risk of inadvertently

hitting an accelerometer is lower.
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Figure 4.30 FRF summation functions of impact ®ofa) H1, (b) H2, (c) H3 ,(d) H4

and (e) H5.
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4.4.5 Experimental Modal Testing and Analysis Results of Laboratory

Two-Storey Framed Structure

Baseline Structure

From MT&EMA, seven flexural vibration modes witHraquency range from 2.2 Hz to
115.4 Hz were captured for the baseline structwrth (four fixed joints). These seven
modes were the maximum number of flexural modes ¢bald be captured with the
chosen sensor set up. The horizontal FRF summadtination (resulting from the

summation of the FRFs of accelerometers at locatidn to ‘8’, which capture

horizontal accelerations) of the baseline strucisirdisplayed in Figure 4.31. From the
FRF results, the frequency peaks of the sevenfxoodes are clearly visible and are
labelled with arrows. Frequency peaks that are matked are either torsional or
transverse modes, which cannot be captured acburaiéh the available sensor
network. The frequencies and damping ratios argedisin Table 4.8, and the
corresponding mode shapes of the captured modeBusteated in Figure 4.32. Both,

the experimentally and numerically obtained modapsks (see CHAPTER 5) are

displayed in Figure 4.32 for better illustratiordasomparison purposes.
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Figure 4.31 Horizontal FRF summation function atbline structure.
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As can be seen from the mode shape figures, modesd 12 are global modes and
modes 3 to 7 are local modes. Mode 1 and mode @ideghe shapes of the first and
second flexural modes of a cantilever, respectivdypdes 3 to 7 have different
combinations of local column deformations, which ddscribe shapes similar to the

first flexural mode of a beam.

Table 4.8 Frequencies of the first seven flexoratles.

Natural Damping ratio
Frequency [Hz] [%0]
Mode 1 2.2 0.46
Mode 2 6.9 0.16
Mode 3 56.1 0.35
Mode 4 67.0 0.86
Mode 5 82.1 0.88
Mode 6 98.9 0.58
Mode 7 115.4 0.74
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Laboratory structure Numerical structure Mode 1

PRy

Mode 4 Mode 5

Mode 6

Figure 4.32 First seven flexural mode shapes bbtatory and numerical baseline

two-storey framed structure.
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Boundary Condition Changes

Changes in the boundary conditions of the two-stfn@med structure resulted in major
changes of the structure’s dynamic properties, ERF:s, natural frequencies and mode
shapes (damping ratio changes were not evaludiedjigure 4.33 and Figure 4.34,
horizontal FRF summation functions of the baseBtracture (denoted as FFFF) and
different multiple and single boundary conditiorsarios are depicted, respectively.
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Figure 4.33 Horizontal FRF summation functionsbafeline structure (FFFF) and

different multiple boundary condition scenarios.
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Figure 4.34 Horizontal FRF summation functionsbafeline structure (FFFF) and

different single boundary condition scenarios.

From the figures, it can clearly be seen that tR&d-of the structure with modified
boundary configurations are very distinct from @mother. Frequency peaks not only
shift or change amplitude, but also the various $Bftow completely new patterns with
new peaks emerging and others disappearing. Theyekaf the frequency peaks in the
FRFs reflect changes in the vibrational modes efstinucture. Whereas in some modes
only the natural frequencies change, in othersrtbde shape also changes. In a couple
of boundary condition scenarios, new modes emerpehvdescribe new modal
deformations. To demonstrate these changes, bousdanario PFFF (with a pinned
connection at joint J1 and fixed connections ahtpiJ2 to J4) was chosen as an
example. In the following two figures, the horizalnFRF summation functions (Figure
4.35), and the corresponding frequencies and moaiges (Figure 4.36) of the PFFF set

up as well as the baseline structure (for compayiace presented.
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Figure 4.35 Horizontal FRF summation functionsbafeline structure (FFFF) and
structure with boundary configuration PFFF.

From the FRF and the mode shape figures it is gbddhat the global modes, mode 1
and mode 2, experience only minor changes. Thealdtequency and the mode shape
of mode 1 are essentially the same. For mode Zrélqeency decreases by 1.1 Hz and
the shape of the upper half of the left column (whthe joint was replaced) changes
slightly. At 15.1 Hz a new frequency peak (mode Ba)erges in the FRF of the
modified structure constituting a local mode of te# upper column half, which was
introduced by changing joint J1 to a pinned conpedtsee Figure 4.36). The shapes of
mode 3 and mode 4, which are mainly local modekefower column halves, are very
similar to the modes of the baseline structure waithincrease in the frequencies of
4.1 Hz and 0.1 Hz, respectively. It is noted tlmat amplitudes in the FRF of these two
modes are significantly lower. At 92.5 Hz a furtiraw mode appears (mode 5a, see
Figure 4.36), this mode is also a local mode ofuper left column half introduced by
the pinned joint at J1. The basic modes 5 to 7alin®cal modes of the upper column
halves; hence, the mode shape deformations of damaged’ structure (PFFF) are
different to the shapes of the baseline struct¥vhereas modes 5 to 7 of the
‘undamaged’ structure (FFFF) show symmetric deftiong, the structure with the
pinned connection at J1 shows asymmetric mode b@lvav
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Mode 1
PFFF FFFF
Mode 2 New Mode 2a
PFFF FFFF PFFF PFFF - numerical
5.8 Hz 6.9 Hz 15.1 Hz
Mode 3 Mode 4
PFFF FFFF PFFF FFFF
60.2 Hz 56.1 Hz 67.1 Hz 67.0 Hz
Mode 5 New Mode 5a
PFFF FFFF PFFF PFFF - numerical
77.7 Hz 82.1 Hz 925 Hz
Mode 6 Mode 7
PFFF FFFF PFFF FFFF
99.9 Hz 98.9 Hz 118.9 Hz 115.4 Hz

Figure 4.36 Mode shapes of two-storey framed &trecwith boundary configuration

PFFF and baseline structure (FFFF).
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As mentioned above, the natural frequencies of rtiees change with varying
boundary conditions. Table 4.9 lists the frequencikthe first seven flexural modes of
the baseline structure and the frequencies of dneesponding modes of all boundary
condition scenarios. In addition, Figure 4.37 dgpl the corresponding drops in
frequencies of the boundary condition cases whempeoed against the baseline
structure. From the table and the figure it carséen that modes 3, 5 and 7 experience
the biggest frequency changes. In the cases of sn8dand 5, major mode shape
changes also occur. Each boundary condition sa@eshows individual changes in the
structure’s dynamic characteristics. The readereferred to APPENDIX B, which
presents the horizontal FRF summation functiongjrabfrequencies and mode shapes

of all changed boundary cases.

Table 4.9 Natural frequencies of the first severural modes of the baseline structure

and all boundary condition scenarios.

Natural frequencies [HZ]
Mode 1 Mode 2 Mode 3 Mode 4 Mode 5 Mode| 6 Mode 7
Baseline 2.2 6.9 56.1 67.0 82.1 98.9 115/4
PFFF 2.2 5.8 60.2 67.1 92.5 99.9 118.9
FPFF 2.2 55 59.6 67.8 93.2 99.6 118.9
FFPF 1.8 5.7 63.4 70.0 85.9 98.4 104.8
FFFP 1.9 6.1 64.3 71.1 82.5 97.8 104.1
PPFF 1.5 3.9 55.4 66.4 87.9 95.7 1076
FFPP 1.0 5.6 18.2 67.6 89.9 97.1 100)1
FPFP 1.9 5.7 21.8 62.9 90.0 92.7 105.)0
PFPF 1.9 5.7 21.7 64.6 81.3 95.2 103)7
FPPF 1.1 5.4 19.9 70.0 81.9 94.1] 1034
PFFP 1.6 5.4 19.8 62.5 80.9 96.9 1018
~ 40 m PFFF
= W FPFF
g 301 ™ FFPF
g 50 4 = FFFP
£ m PPFF
g 10 FFPP
£ W FPFP
g 07
=1 W PFPF
2 .10 W FPPF
Model Mode2 Mode3 Mode4 Mode5 Mode6 Mode7 |MPFFP

Figure 4.37 Drop in natural frequencies of all mmlary condition scenarios.
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Mass Changes

For the changed mass scenarios, the dynamic chasdics of the two-storey framed
structure also change. These changes are, howetesmaller magnitude when
compared to the boundary condition scenarios. RienFRFs of the changed mass
cases (depicted in Figure 4.38 and Figure 4.39atans in the frequency peaks are
again visible. Here, however, the changes areicesirmainly to frequency shifting and
amplitude change of the peaks. For the added nesss ©f the lower crossbeam (see
Figure 4.38), the seven mode shapes of the basslineture remain almost the same
with only small frequency changes. For the addedsnszenarios of the upper beam,
however, a new mode around frequency 50 Hz app@assle 2a), which describes
symmetric deformations of both upper column halvEse mode shape of the new
mode is depicted for the experimental and the nioalestructure (see CHAPTER 5) in
Figure 4.40.
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Figure 4.38 Horizontal FRF summation functionsbakeline structure and structure

with mass added to the lower crossbeam at locaf\whsM2 or M3.
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Figure 4.39 Horizontal FRF summation functionsbakeline structure and structure

with mass added to the upper crossbeam at locatibhdM5 or M6.

(a) (b)
Figure 4.40 New mode (mode 2a) of the two-storeyéd structure when mass is

added to the upper crossbeam, (a) experimentallhdumerical mode shape.

To compare the natural frequencies of the added mases against the frequencies of
the baseline structure, a table listing all freques (see Table 4.10) and a graph
displaying frequency changes (see Figure 4.41%laog/n below. It is observed that for
the first three modes, the frequencies of the addasls cases of the lower crossbeam
are distinct from those of the upper crossheams Thiespecially visible for mode 3,
which ranges between 48.3 Hz and 49.9 Hz for adeheds cases of the lower

crossbeam and between 58.3 Hz and 59.1 Hz for pperucrossbeam cases. The
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dynamic characteristics (FRFs, frequencies and msltgpes) of all added mass

scenarios are also presented in APPENDIX B.

Table 4.10 Natural frequencies of the first seWlexural modes of the baseline

structure and all added mass scenarios.

Natural frequencies [HZ]
Mode 1| Mode 2| Mode3 Mode4 Model5 Mode6 Mode 7

Baseline 2.2 6.9 56.1 67.0 82.1 98.9 1154

M1 2.2 6.4 48.8 66.8 81.6 98.0 113.2

M2 2.2 6.4 48.3 66.4 81.6 97.6 115.1

M3 2.2 6.4 49.9 66.6 81.5 98.3 113.2

M4 2.1 6.6 58.3 66.6 80.2 98.2 114.%

M5 2.1 6.6 59.1 66.4 81.9 96.9 115.3

M6 2.1 6.6 58.5 66.4 80.7 97.6 113.4

E 9

E 7 m M1

E 5 m M2

g 5 m M3

T m M4

= 1 -

e M5

5 1+ m M6

o

23

Model Mode2 Mode3 Moded ModeS5 Mode6 Mode7
Figure 4.41 Drop in natural frequencies of all attimass scenarios.

Loss of Column Cross-Section

For the cross-section reduction cases, the dynarofeerties change only slightly. From
the horizontal FRF summation functions of the dédfe saw cut scenarios (see Figure
4.42 and Figure 4.43), only small amplitude andjdency changes of the peaks are
observed. Likewise, it was found that the mode ebhapxperience only minor

alterations.
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Figure 4.42 Horizontal FRF summation functionsbafseline structure (intact) and

structure with light, medium and severe cross-seateductions at location C1.
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Figure 4.43 Horizontal FRF summation functionsbafseline structure (intact) and

structure with light, medium and severe cross-seateductions at location C3.

The frequencies of the different cross-section cddn cases and their corresponding
baseline structures are shown in Table 4.11, aedrétated frequency drops are

presented in Figure 4.44. It is observed that witlheasing section loss the frequencies
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consistently drop. Also, the natural frequencieange according to the shape of the
mode. For example, for mode 7, which is a local enofithe upper two column halves,
the frequencies of the structure damaged at latd@i®, which is located at the mid-
span of the upper column halves, experience lariganges than for the damage cases
of the lower column halves. Likewise, for mode 3iieh is a local mode of the lower
column halves, the frequencies of damage case&Mland 1S drop by a larger value

than the frequencies of cases 3L, 3M and 3S.

Table 4.11 Natural frequencies of the first seWlexural modes of the baseline

structures and all section reduction scenarios.

Natural frequencies [HZ]
Mode 1 | Mode 2 Mode 3 Mode 4 Mode 5 Mode| 6 Mode 7

Baseline2 2.3 6.9 60.5 68.3 83.1 98.4 118|2

1L 2.3 6.9 59.9 68.0 83.1 98.6 118.1

M 2.3 6.8 59.9 68.0 83.1 98.4 118.0

1S 2.3 6.8 59.6 67.6 83.1 98.2 118.0
Baselinel 2.2 6.9 56.1 67.0 82.1 98.9 115/4

3L 2.2 6.9 55.6 67.2 82.1 98.7 114.6

3M 2.2 6.9 55.6 67.2 82.0 98.5 114.%

3S 2.2 6.9 55.3 66.6 81.7 97.7 114.1
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Figure 4.44 Drop in natural frequencies of all 8en reduction scenarios.

4.5 SUMMARY

This chapter presented MT&EMA procedures and resflthe two test structures (the
beam and the two-storey framed structure). Somekgoaond information on

MT&EMA techniques were given. The test structured different damage/added mass
cases were presented and modal testing procedasesilied. The modal tests were
successfully executed and from the modal analysssilts it was observed that the
modal parameter and the FRFs of the different damaged mass cases changed
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according to the damage/added mass scenario, déaddgd mass location and damage

severity.

For the steel beam structure, the following waseoked:

In the FRFs of the different damage scenarios frgmguency peaks shifted and the
peak amplitudes changed. Increasing damage segerttdused a shift of the
frequency peaks towards the lower end of the frequepectrum.

The natural frequencies generally dropped withdasing damage size. In addition,
it was noticed that the drop was larger for thehbigmodes. When damage was
located at a node point of a mode, no or only mfreguency changes occurred for
that mode.

Small changes in the mode shapes were observeddiffeeences of mode shape
vectors were the largest in the vicinity of the @@ and increased with increasing
damage size.

Damping ratio changes showed inconsistent trends.

For the two-storey framed structure, the followwgs noticed:

The FRFs responded significantly to changes of Banpn conditions, such as
displaying new patterns with new frequency peakesrging and others disappearing.
For the added mass cases, FRF features changhtysliyhereas the added mass
scenarios of the upper crossbeam caused the appearha new frequency peak, no
additional peak emerged for added mass cases dbvilee beam. The cross-section
reductions of the column caused only minor chamyése FRF.

For the natural frequencies, a general drop inuieegies was observed for all three
damage/added mass changes. The first and secondaln&tequencies (global
modes) experienced only minimal changes, whereashipher frequencies (local
modes) generally decreased more markedly.

The mode shapes responded to alterations of tHeretit boundary condition
scenarios significantly. New mode shape deformatiarere introduced by the
modified joint conditions from rigid fixed to fullpinned. Each boundary condition
scenario exhibited unique mode shape patternstifeorladded mass cases, a new
mode shape having local deformations at the tweeupplumn halves appeared for
added mass scenarios of the upper crossbeam. Ntewisode shape changes were

observed for the cross-section reduction cases.
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CHAPTER 5

FINITE ELEMENT MODELLING

5.1 INTRODUCTION

This chapter presents the finite element modeldh¢ghe beam structure and the two-
storey framed structure to represent the laborattmyctures described in the previous
chapter. Numerical models are created in ordeeterate vibrational data for thorough
investigation of the proposed damage identificatimethod without uncertainties from
experimental imperfections (i.e. manufacturing fgulaboratory testing inaccuracies
and signal processing disturbances). A numericalehallows the study of a multitude
of damage scenarios without being significantly enabour intensive (compared to
laboratory testing). Further, by polluting numetidata with different levels of noise
(to simulate real testing), thorough investigationghe influence of measurement noise

can be undertaken.

In this chapter, for each test structure (the bestmncture and the two-storey framed
structure), the finite element modelling of theddam structures using ANSYS Classic
and ANSYS Workbench are first presented. Seconel, ntlodelling of the different
damage/added mass scenarios is described. Thiodegqures on the execution of
transient analysis with subsequent noise polluiod modal parameter extraction are
explained. Fourth, a correlation analysis basedainral frequencies and mode shapes
is conducted to validate the numerical modelshfithe derived dynamic properties of
the baseline structures are described and themgesadue to structural modification

presented.

5.2 NUMERICAL MODELLING OF BEAM STRUCTURE

5.2.1 Finite Element Modelling of Intact Beam

To create a numerical model of the tested laboyatteel beams (see section 4.3), the
commercial finite element (FE) analysis package XNSClassic (ANSYS Inc 2007a)

is used. The dimensions of the numerical beam ma@dbased on the measurements of
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the laboratory beams: 12 mm wide by 32 mm high B9@ mm long. The element type
used is SOLID45, which is an orthotropic three-digienal structural solid defined by
eight nodes having translations in the nodagl andz directions. This element is chosen
as it is recommended by ANSYS Classic documentdddNSYS Inc 2007c) for three-
dimensional modelling of solid structures and bseasaw-cut damage can easily be
modelled for this element. The geometric properbéslement type SOLID45 are

illustrated in Figure 5.1.

Element coordinate M
system {shown for
KEYOFT4 =1

‘i_‘v L— surface Coordinste Systermn
*

Figure 5.1 Geometric properties of SOLID45 (ANSY¥S2007c).

The cross-section of the beam is modelled withednehts across the height (8 mm each
element) and 4 elements along the width (3 mm edement). A division into 201
nodes and 200 elements (12 mm each element) idotiggtudinal direction of the
model is chosen in accordance with previous seitgitstudies undertaken by Choi et
al. (2007). In total, the FE model consists of 5,6®des and 3,200 elements. With this
mesh configuration, the beam model has 15,075 degefreedom (DOF). According
to the manufacturer’'s specifications of the labomatsteel beams, the modulus of
elasticity is set to 200,000x38l/m?, the Poisson’s ratio to 0.3 and the density t&J,8
kg/m®. The support conditions are set as pin-pin. A st model of the numerical
beam is shown in Figure 5.2.
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2,40C mm (200 element: 12 mmr
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Figure 5.2 Finite element modelling of a pin-pupported steel beam.

5.2.2 Simulation of Damage in Beam Model

For the numerical model, the same damage sceramostudied as for the laboratory
beams, which are 16 notch type damage cases ofdcations and four severities. The
four different damage locations are again situated/d", 5/8", 6/8" and 7/8' of the
beam length (denoted as ‘4’, ‘'5’, ‘6’ and ‘7’) arige four different damage severities
correspond to a loss of the second moment of &red,9.09%, 33.01%, 57.81% and
75.59% (termed as extra light (XL), light (L), medi (M) and severe (S)). The damage

locations are illustrated in Figure 5.3.

©® @ & o & 6 @
e

2,400 mn }

2
7 1

Figure 5.3 Damage locations of numerical beam rhode

The inflicted damage cases are notch types of limength and 1 mm, 4 mm, 8 mm
and 12 mm in height. Damage is modelled by rect@ngwpenings from the soffit of
the beam. The mesh density is refined in the uigiof the defect, as displayed in

Figure 5.4.
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(@) (b)
(€) (d)

Figure 5.4 Finite element modelling of damage wathwidth of 1 mm and varying
heights of (a) 1 mm, (b) 4 mm, (c) 8 mm and (dnb2

5.2.3 Transient Analysis and Noise Pollution

From the numerical beam models, vibrational chargtics are acquired from two
types of data, i.e. noise-free and noise-pollutath.d Noise-free data are used to
investigate the performance of the proposed DIdbasenage identification method on
directly extracted mode shape data without uncerés from experimental modal
analysis and measurement noise. Noise-polluted afataised to simulate real testing
conditions and to study the influence of noise amadal extraction errors on both
proposed damage identification methods. For nomse-flata, the modal parameters are
directly extracted from the numerical models bywsw the eigenvalue problem using
the modal analysis module in ANSYS Classic. By dlge solving the eigenvalue
problem, only natural frequencies and mode shapesxracted but not the frequency
response functions (FRFs). However, for the proppd3kebased damage identification
method, only mode shape vectors are of interesitaadherefore sufficient to directly

solve the eigenvalue problem.

The following overview describes the steps undemato generate dynamic properties
from noise-polluted data. First, transient analysiperformed using ANSYS Classic.
By executing transient analysis, response timeothjstiata of the beam models under
impulse loading are generated. Second, the impadiig and response time histories
from the transient analysis are polluted with défg levels of white Gaussian noise.
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Third, the noise-polluted time history data ares$farmed into the frequency spectrum,
generating FRF data. Last, by performing experiadentodal analysis, the modal
parameters of the beams are determined. The prexeafugenerating vibrational

characteristics from numerical noise-polluted datéustrated in Figure 5.5.

Numerical Steel Beam
i 1 —® Transient Analysis— Time History Data

Natural Frequencies

Damping Ratios !] I Noise-Polluted I Noise-Polluted
Mode Shapes T FRF Time History Data

Modal Aﬁalysi:

Figure 5.5 Generation of noise-polluted numeridata with subsequent determination

of the modal parameters.

As described above, in order to generate noisedgoll numerical data, transient
analysis is performed to obtain response time hestdor the beam models. In general,
transient analysis is a numerical technique thatised to determine the dynamic
response of a structure under the action of angrgétime-dependent load. It can be
used to determine time-varying displacements, rstratresses and forces in a structure
as it responds to any combination of static analsiemt loads. A simple formulation of
the technique is given below (ANSYS Inc 2007c).

The basic equation of motion solved by transiemiaghyic analysis is:

M y(t)+C y(t)+ K y( )= f(9) (5.1)

whereM is the mass matrixC the damping matrixK the stiffness matrixy the nodal

displacement vectory the nodal velocity vectory the nodal acceleration vector and

f(t) the load vector. At any given timg,equation (5.1) can be thought of as a ‘static

equilibrium equation that also takes into accoumetrtia forcesM y(t) and damping

forces C y(t). In this study, the Newmark time integration mettis used to solve

equation (5.1) at discrete time points. The Newmawdthod uses finite difference

expansions in the time intervdd, in which it is assumed that:

y(t+1) = y(t)+[(1-3) y(+0 ¥ t+ )]At (5.2)
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y(t+2) = y(1)+ o t)At+K%—aj W()ra s ])}Ae 5.3)

where o and 6 are Newmark integration parameters. Since the gginaim is the
computation of displacemegf{t+1), the governing equation (5.1) is evaluatedraet

t+1 as:

M y(t+2)+C y(t+ D+ K y( t+ 1) = f(9) (5.4)

The solution for the displacement at titel is obtained by first rearranging equations
(5.2) and (5.3) such that:

y(t+)=a[ y(t+)-v(9]-a Y )- 3} (5.5)

y(t+)= () +a - ay ) 5-6)
with a, = L a2:i a3=i—1 a, =At(1-9) and a, =J At. Noting that
a A’ a At 20 !

y(t+1)in equation (5.5) can be substituted into equatiof), equations fory(t+1)
and y(t+1) can be expressed in terms of only one unknowft;+1). The equations

for y(t+1) and y(t+1) are then combined with equation (5.4) to form:

(aM +a,C+ K) y(t+1)= -

() +Mmay()+ayd+ayd]+ day )y ayk ap) 67

. o) o At O
with alzm, a4=;_1, %:E(E_Zj

Once a solution is obtained fo;(t+1), velocities and accelerations are updated as

described in equations (5.5) and (5.6).

For the beam structure, transient analysis is padd for the intact beam and all
damaged beam models. As a solution method, therfathod’ is chosen in ANSYS
Classic, which uses the full system matrices tccuate the transient responses
(ANSYS Inc 2007c). A force of 800 N, which is a ity@ impact force observed from

experimental hammer excitation, is applied at arezfce point (here at location ‘3’; see
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Figure 5.3). The loading curve of the impact hammdtustrated in Figure 5.6 (a). The
response time histories of the beam are recordethatequally spaced points, which
represent the measurement sensors from experimistadlg (see section 4.3.1). To
resemble the sampling rate from laboratory testing,total number of time steps is set
to 16,385 with an integration time step of 0.000wing a total record time of
1.6385 s). A proportional damping model is adoptedhe numerical calculation in
which damping is specified by the mass matrix rpli#r for damping ALPHAD and
the stiffness matrix multiplier for damping BETADhe specific values for ALPHAD
and BETAD are calculated for each beam based orddneping values determined
from experimental testing, which are presented abld@ 4.3. As an example, the
generated displacement response time history faation ‘5’ of an intact beam is

shown in Figure 5.6 (b).
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Figure 5.6 (a) Hammer impact force and (b) disgl@ment response time history of
location ‘5’ of the beam structure.

To simulate measurement noise interferences exmeteduring experimental testing,
acceleration data is polluted with noise. Firsteheration time histories are calculated
from the displacement time histories obtained flaNISYS by double differentiation.
Then, white Gaussian noise of four intensities. (L%, 2%, 5% and 10% noise-to-
signal-ratio) is added to both the impact forcanalgand the acceleration response time
histories. The Matlab functioawgn (The MathWorks 2009a) with the noise-to-signal-
ratio function20log;(ratio) is used to calculate noise-polluted data for deos of

0.01, 0.02, 0.05 and 0.1, which correspond to tiisenintensity levels of 1%, 2%, 5%
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and 10%, respectively. For each level of noisedtsets of noise-contaminated data are

generated to simulate three repeated tests.

Next, the noise-polluted acceleration time histalgta are transformed into the
frequency spectrum using the Fast Fourier Trans{eiT). The FRFs are estimated by
dividing cross-spectra between the input and outptit auto-spectra of the input (see
section 4.2.2). In order to capture the first sevimational modes and to synchronise
the frequency resolution of the numerical simulagiovith the resolution obtained from
experimental testing, FRFs are generated which dem@d 638 spectral lines in a
frequency range of 0-1000 Hz with a frequency retsmh of 0.61 Hz. Next, the modal
parameters of the first seven flexural modes ageatitied by performing experimental
modal analysis (EMA) procedures using the samavsaoé as for laboratory testing (i.e.
LMS CADA-X) (see section 4.2.3). Therefore, the gated FRFs are imported into
CADA-X and, by using the frequency direct paramatkmntification (FDPI) method
(see section 4.2.3), the modal parameters arectxtrérom the FRFs.

5.2.4 Dynamic Characteristics of the Numerical Beam Structure

Correlation Analysis and Dynamic Characteristics of the Undamaged

Numerical Beam Structure

To validate the numerical beam model, a correlatioalysis between numerical and
experimental beam data is conducted for the undadchagam. In general, correlation
analysis is a technique to examine quantitativelg qualitatively the correspondence
and difference between analytically and experimntabtained modal parameters
(Brownjohn & Xia 1999). This analysis gives a pbath for modal parameter selection
related to dynamic responses for modal updatingthis study, dynamic responses,
namely natural frequencies and mode shapes, atcassthe indices for the objective
function OF) for the correlation analysis. The goal of updatior calibrating the

numerical model is to minimise the objective fuanti The global objective function

used is given as:

OF = f ( NFerror, MACerror) (5.8)

with NFerror being the error function for natural frequenciesl MACerror the error

function for mode shape vectors (both functionstiseussed below).
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For natural frequencies, the relative erfdFérror) between frequencies obtained from
numerical simulations and experimental testingssduto check their correlation. The

NFerror function is given as:

r= ‘a)Exp - wNurr‘
a)Exp

NFerro x100 (5.9)
where wgyp is the natural frequency of the experimental $tmec and wnem the
frequency of the numerical model. TN&error values of the natural frequencies of the
first seven flexural modes are listed in Table MNext to theNFerror values, also
displayed are the actual frequencies of the numlenodel (from noise-free data) and
of the experimental test beams, as well as thelatiesdifferences between numerically
and experimentally obtained frequencies. From #idet it is noted that thiFerror
values are in general less than 9%, except for nZodaverall, it is concluded from
Table 5.1 that the natural frequency values matety well and that the numerical

model is able to represent the experimental moeédlinwthat regard.

Table 5.1 Comparison of natural frequencies betwaanerical and laboratory beam.

Mode 1| Mode 2| Mode 3| Mode 4| Mode 5| Mode 6| Mode 7
Numerical beam [HZ] 20.55 51.98 128.08 205/89 3B4.252.46| 631.88
Laboratory beam [HZ] 20.99 40.14 126.67 216{29 BR5.471.74| 613.42

Absolute difference [Hz] 0.44 11.84 1.41 10.40 29.0 19.28 | 18.46

NFerror [%] 2.14 22.78 1.10 5.05 8.69 4.26 2.9p

For the mode shape vectors, the Modal Assurancerion (MAC) is adopted for
comparison between the numerical and experimentalenshapedMAC is one of the
most popular measures for correlating two sets oflanshapes (Allemang & Brown
1982). This parameter provides a measure of the-&spiares deviation of the points
from the straight-line correlation. THdACerror usesMAC values for indicating the

correlation between numerical and experimental rhia$eilts, as given in:

(¢ExpT¢ Num)2
(¢ExpT¢Exp) (¢ Nur;1r¢ Nur‘)

MACeror( e, B yum) =1~ (5.10)

with ggyp being the mode shape vector of the experimemadtsire andyn,mthe mode

shape vector of the numerical model. MACerror value close to 1 indicates poor
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correlation between the mode shapes, whilst a valose to O indicates good

correlation. The extent of calibration can be dateed through evaluating the change

in the correlation between the mode shapes. Talddisis MAC and MACerror in

actual values and percentages for experimentalnangerical mode shapes. (For the

numerical model, mode shape vectors of noise-fega df nine data points are used,

which are the locations of the nine measuremenga@snn experimental testing, see

section 4.3.1.) For visualisation, the extractedlenshapes derived from the eigenvalue

solution of the numerical model are illustratedrigure 5.7.

Table 5.2 Mode shape correlation between numesndllaboratory beams.

Mode 1| Mode 2| Mode3 Mode#d4 Model5 Mode6 Mode?7
MAC 0.9987 | 0.9985| 0.969(¢ 0.9585 0.9648 0.9605 0.9868
MAC [%)] 99.87 99.85 96.90 95.85 96.48 96.05 98.68
MACerror 0.0013 | 0.0015| 0.031d¢ 0.0415 0.03%2 0.0395 0.0132
MACerror [%)] 0.13 0.15 3.10 4.15 3.52 3.95 1.32
(a) Mode 1 (b) Mode 2
(c) Mode 3 (d) Mode 4
W ‘\/\/\/\‘

(e) Mode 5 (f) Mode 6

VA VA Ve

(g) Mode 7

Figure 5.7 First seven flexural mode shapes ofencal beam model derived from the

eigenvalue solution.
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As can be seen from Table 5.2, for all seven mothesMACerror values are below
5%. This means that both sets of mode shapes matghwell. (MACerror values of
less than 10% (or 90% fdMAC) are considered acceptable according to Browngoith
Xia (1999) and Maia et al. (1997).) For the finsbtmodes, théMACerror values are
extremely low with values of 0.13% and 0.15%. Thghdly higher MACerror values
of modes 3 to 7 are caused by the ‘uplifting mdtiah the beam-ends of the
experimental beams due to resonance interfererfcég supports (see section 4.3.3).
These mode shape discrepancies are, however, bsipal magnitude and therefore
cause only smaMACerror values.

From the results of thMFerror andMACerror values, it is inferred that the numerical
model simulates the experimental model quite wHilerefore, this numerical model
can be used in this study as a representationeoexiperimental beam structures for

application of the proposed damage identificaticgthuds.

From the validated numerical model, the naturafdencies and mode shapes are
determined either from the eigenvalue solution (foise-free numerical data) or from
results of transient analysis and EMA (for noisdyged numerical data) (see above).
To compare the extracted resonance frequenciegedefiom the eigenvalue solution
against those generated from transient analysisEdid, Table 5.3 lists the frequency
values of the first seven flexural modes for ndree-and noise-polluted data. From the
table, it is noted that natural frequencies geedr&iom the eigenvalue solution (data of
0% noise pollution) almost perfectly match with thequencies obtained from transient
analysis and EMA (data of 1% to 10% noise pollutidrme minor discrepancies, which
are smaller than 0.1 Hz, result from experimentabdah analysis errors and
uncertainties from noise contamination of the nqgskuted data.

Table 5.3 Comparison of natural frequencies [Hzhomerical beams.

Mode 1| Mode 2| Mode 3| Mode 4| Mode 5| Mode 6| Mode 7
Noise pollution 0%| 20.55 | 51.98| 128.08 205.89 334.21 452/46 631.88
Noise pollution 1%| 20.55 | 51.96| 128.08 205.89 334.22 452/45 631.90
Noise pollution 2% | 20.54 51.96| 128.08 205.8 334.24 452(49 631.87
Noise pollution 5%| 20.51 | 51.99| 128.08 205.90 334.25 452|139 631.78
Noise pollution 10% 20.59 | 51.95| 128.10 205.82 334.12 452/39 631.79

N[O [|O[© ][O
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For FRFs, Figure 5.8 displays the FRF summatiortians of the undamaged beam
model generated from transient analysis of dath ®46 noise pollution (Figure 5.8 (a))
and data with 10% noise pollution (Figure 5.8 (b)).
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Figure 5.8 FRF summation function of undamaged arical beam of (a) 1% noise-
polluted data and (b) 10% noise-polluted data.

From the figure, clear indications of the first eevilexural modes are visible. Whereas

for the FRFs of the laboratory beams, frequenckge other modes (e.g. torsional or
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transverse modes) are also observed (see secB@);4or the numerical simulations,
only the flexural modes are indicated. (In labonati@sting, it is extremely difficult to

avoid the appearance of non-flexural modes in tRé- Flata due to inaccuracies
resulting from the hammer hit, which cannot be iedrrout in a perfectly straight
manner, as well as from manufacturing imperfectiohsthe test structure and its
supports.) From Figure 5.8 (b), the effect of nom®lution on the generated FRF
summation function is clearly visible. It is notéuat these irregularities in the FRF

increase with ascending frequency.

Dynamic Characteristics of the Damaged Numerical Beams

For the different damage scenarios of the numefigglm models, changes in the
dynamic properties are observed. Similar to thelte®f the experimental beams, the
natural frequencies drop when damage is infliclHake first seven captured flexural
frequencies of all 16 damage cases and the undahizgen are listed in Table C.1
(APPENDIX C). Graphs illustrating the change ofunat frequency due to damage are
also shown in Figure C.1 (APPENDIX C). As an examflisted in Table 5.4 are the
natural frequencies of a beam damaged at locadionith four severities (extra-light to
severe, denoted at ‘4XL’ to ‘4S’); also listed dhe frequencies of the undamaged
beam for comparison. The corresponding illustratbthe differences in frequencies is
shown in Figure 5.9. From the table and the figtire,frequencies are observed to drop
according to the severity of the damage (i.e. #rgdr the damage size, the larger the
frequency reduction). In the numerical simulatiotitee modelled beam structure has
perfect measures; therefore, for damage at locatipwhich is a node point for modes
2, 4 and 6, the natural frequencies have zero eéhtirghese modes, as demonstrated in
Figure 5.9.

Table 5.4 Natural frequencies [Hz] of the firster flexural modes of the intact state
and all damaged states of a beam damaged at latéatio

Natural frequencies [Hz]
Mode 1| Mode 2| Mode 3 Mode 4 Mode5 Mode6 Mode 7
Undamaged 20.55 51.98 128.08 205.89 334.21 452.46 631,88
4XL 20.55 51.98 128.05 205.89 334.20 452.46 63177
4L 20.55 51.98 127.77 205.89 333.79 452.46 630(37
AM 20.52 51.98 126.70 205.89 332.36 452.46 625,95
4S 20.47 51.98 124.63 205.89 329.94 452,46 618.00
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Figure 5.9 Comparison of reduction in natural fummcies of the numerical beam

model of different severities of damage at locatbn

As with natural frequencies, mode shapes also @&arigen damage is inflicted. For
example, Figure 5.10 displays mode shapes (Figl@ (&)) and absolute mode shape
differences (Figure 5.10 (b)) of mode 3 of a nucwrbeam damaged at location ‘4’
with various damage severities. From the figurengjes of the mode shape vectors are
clearly visible. The high sensitivity of mode shape local damage is again noted from
Figure 5.10 (b), which shows the largest mode shiliperences in the vicinity of the
damage, i.e. near location ‘4’. Further, a proguwesghange in the mode shapes is
observed with increasing damage size. Moreovés,nbted that for extra-light damage,
the mode shape shows hardly any change. This findidicates that the detection of
extra-light damage might lead to complicationsdentifying damage based on mode
shape changes (e.g. damage identification withfitiseé proposed method, which is

based on changes in mode shape curvatures).
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Figure 5.10 (a) Mode shapes and (b) absolute nsbdge differences of mode 3 of a

numerical beam damaged at location ‘4’ with varialasnage severities.

FRFs are the third vibrational characteristicsraéliest. Being direct derivatives from
transient analysis, numerically obtained FRF damahstrate high sensitivity to any
kind of structural change. As can be seen from feigull and Figure 5.12, which
illustrate FRF summation functions of the intactatme and of different damage
scenarios, a clear change in the frequency peak&bBfdata is observed. From Figure
5.11, which displays the effects of different damagverities on FRF data (damage at
location ‘5’ of sizes extra-light to severe), itneted that with increasing damage extent
a gradual increase in amplitude and a leftward glfithe frequency peaks occur. The
gradual leftward shift of the frequency peaks cwonéi the earlier finding of a reduction
in natural frequencies for advancing damage. Iltuither noted that for extra-light
damage, the FRF data experiences hardly any chiegeFigure 5.11 (b)). A similar
observation was made when studying the effectanfadje on mode shape vectors (see
above). For Figure 5.12, which displays the impzfctifferent damage locations on
FRF data, a change in frequency peaks is also \adxkeHowever, similar to the

findings of the experimental beams, no generabiticam be observed.
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Figure 5.11 Effects of different damage severitbasFRF data. Displayed are FRF
summation functions from the numerical beam inuhdamaged state and different
damaged states with defects at location ‘5’ of s&es extra-light (5XL), light (5L),
medium (5M) and severe (5S), with subfigure (apldisng a frequency range from
0 Hz to 700 Hz and subfigure (b) illustrating a s#eup of the frequency peak of
mode 7.
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Figure 5.12 Effects of different damage locati@ms FRF data. Displayed are FRF
summation functions from the numerical beam inuhdamaged state and different
damaged states with defects of severe extent atidos ‘4’ to ‘7’ (4S to 7S), with
subfigure (a) displaying a frequency range from Dteé 700 Hz and subfigure (b)
illustrating a close-up of the frequency peak otim@.
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5.3 NUMERICAL MODELLING OF TWO-STOREY FRAMED
STRUCTURE

5.3.1 Finite Element Modelling of Two-Storey Framed Structure

The objective for the finite element modelling bettwo-storey framed structure is to
create a model that represents the actual labgratoucture as closely as possible.
Therefore, instead of creating a simplified modela#tempt is made here to accurately
replicate all geometric features of the structinee to the complexity of the two-storey
framed structure, ANSYS Workbench (ANSYS Inc 200i@iher than ANSYS Classic
(ANSYS Inc 2007a) is used to model the geometrytlué structure. ANSYS
Workbench has very user-friendly features for éngatomplex geometric models and
for generating meshes for multifaceted bodies. Haurt a link between ANSYS
Workbench and ANSYS Classic allows the creationaofgeometric model with
subsequent meshing in ANSYS Workbench and enabéesger to import the meshed

model to ANSYS Classic for subsequent transientyarsa

The geometric features of the two-storey framedicttire are modelled with the
DesignModeler module of ANSYS Workbench. In thisdule, the four main bodies of
the structure (i.e. column, crossbeam, joint eléna@ base connection) are created.
Figure 5.13 (a) illustrates the assembled structoomsisting of two columns, two
crossbeams, four joints and four base connectidnslose-up of a crossbeam and a
joint element is displayed in Figure 5.13 (b) am, (espectively. The column is
modelled as a solid body with a cross-section ofm® x 5.5 mm and a height of
1600 mm. The crossbeam is a composite of a hollow 150 mm x 50 mm x
575 mm), two solid cap elements (one on each side),solid extension elements, two
horizontal shafts (to link the crossbeam to thatj@lements) and three vertical shaft
elements (for the attachment of the additional e&)ssThe joint element is composed
of a solid round disc (50 mm wide x 180 mm diamet#h a round opening of 20 mm
in diameter) and a fitting shoe. The base conneatansists of two L-shaped elements
of 100 mm x 100 mm. (The dimensions of all elemergeal those of the laboratory

structure.)
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Crossbeam

Column

(b) Crossbeam

Base connectioq‘

(a) Assembled structure (c) Joint

Figure 5.13 Geometric model of numerical two-sydramed structure.

To connect the individual bodies of the two-stofegmed structure and to mesh all
elements, the Simulation module of ANSYS Workbeiglised. Before meshing, all
contact regions between the individual body pamtsdefined. For the connection faces
between column and joint elements as well as colanuh base connection elements,
the contact regions are defined as a fixed bondchwhllows no sliding (sliding
tolerance is set to zero) or separation betweerfates. For the connection between
crossbeams and joint elements, the surfaces didhieontal shafts of the crossbheams
are also tightly bonded to the inner surfaces @& phint discs, creating a fixed
connection between the crossbeams and jointsi{oboundary damage scenarios, this
connection will be modified). To define the suppowonditions, the bottom faces of the
base connections are set as fixed connectionsre-tgya4 illustrates all contact regions
(in red) and the support faces (in blue) of the etoal model of the two-storey framed

structure.
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Figure 5.14 Contact regions (red) and support &a¢elue) of the two-storey framed
structure.

After defining the connection regions, all bodytpaare meshed. As the crossbeams and
the joint elements have very complex featurespthoies are meshed with a tetrahedral
mesh. As element type, SOLID187 is chosen, which tetrahedral structural solid
defined by ten nodes having three degrees of freeatoeach node (i.e. translations in
the nodal x, y and z directions). SOLID187 is reomended in ANSYS Classic
documentation (ANSYS Inc 2007c) as being well sutte modelling irregular meshes.
The geometric properties of element type SOLID1&/ilustrated in Figure 5.15.

Figure 5.15 Geometric properties of SOLID187 (ASSNc 2007c).

The tetrahedral meshing of the body parts is peréor by an inbuilt patch independent
algorithm defined by the following features. Phgsmreference: mechanical; relevance:

100 (for columns), -100 (for crossbeams and joiats)l -50 (for base connection);
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relevance centre: fine; maximum element size: 2Q rshape checking: standard
mechanical; solid element midside nodes: prograntratbed; straight sided elements:

no; initial size seed: full assembly; smoothingvj@nd transition: fast.

(a) Front view

(d) Joint element

(c) Crossbeam (e) Base connection

Figure 5.16 Meshed two-storey framed structure.
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For the undamaged structure, a total of 63,025 sadd 29,205 elements are created.
The fully meshed structure (in front and side vianyl detailed views of a crossbeam, a
joint element and two base connections are illtestiran Figure 5.16. The material of all
bodies is set to structural steel with a moduluslasticity of 200,000xTON/m?, a
Poisson’s ratio of 0.3 and a density of 7,850 Kgiwhich reflect the values of the

laboratory structure.

5.3.2 Simulation of Damage/Added Mass Scenarios

Three types of structural modifications are modkgliee. changes in the joint connection

from fixed to pinned, addition of mass and sect®uuction damage of the column.

For the modelling of the pinned connection betwemssbeam and joint element, the
horizontal shaft of the crossbeam is deleted apldced by a revolute joint connection.
The revolute joint is constrained in five local degs of freedom (UX, UY, UZ, ROTX,
ROTY) and free in ROTZ, which allows free rotat@amund the longitudinal axis of the
deleted horizontal shaft. An illustration of a rlewe connection simulating a pinned
joint is shown in Figure 5.17. For this study, faimgle joint scenarios are created by
modelling one of the four fixed joint elements ageaolute connection. Also, Six
multiple joint scenarios are modelled by replactag of the four fixed joints with

revolute connections.

Figure 5.17 Pinned joint modelled as revolute aaxtion.

For the modelling of the added mass, the crossheaxtended by a cylinder shaped
element of 150 mm in diameter and 68 mm in heighe mass of the added element is
equal to the weight of the four disks used in eixpental testing, i.e. approximately 9.2
kg (see section 4.4.2). Figure 5.18 illustratesrioglelling of added mass at location
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‘10’ of the crossbeam (i.e. the midspan of the loa®ssbeam; see section 4.4.3). In
total, six added mass configurations are modelidadiding cylindrical elements to

locations ‘9’ to ‘14’ of the two crossbeams.

Figure 5.18 Modelling of added mass.

For damage due to cross-section reduction of thenog rectangular openings from
one side of the column are modelled. Three seesriif notch type damage — termed
‘L’, ‘M’ and 'S’ — are created; they are of 4 mmtoh width and 16.25 mm, 21.7 mm
and 32.5 mm in notch depth, respectively. The spaading reductions in the second
moment of area, |, are 25%, 33.33% and 50%. Theetltamage severities are
illustrated in Figure 5.19 (a) to (c). For the nuiza study, six damage locations are
investigated, i.e. locations ‘1a’, ‘1b’ and ‘1c’ tfie lower column half and locations
‘3a’, ‘3b’, and ‘3¢’ of the upper column half. Lowans ‘1a’ and ‘3a’ are at the
midspans of the column halves and are equal tditosa‘'l’ and ‘3’ of the laboratory
structure (see section 4.4.3). Locations ‘1b’ aBlol ‘are positioned at one third of the
column halves and locations ‘1c’ and ‘3c’ are aé @uarter of the column halves. All
six locations are illustrated in Figure 5.19 (d}.each of the six locations, damage of

three severities is modelled, resulting in a tofdl8 different damage cases.
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Figure 5.19 Finite element modelling of sectiomuetion

damage of a column with (a) 16.25 mm, (b) 21.7 mah (&)
32.5 mm notch depth and 4 mm notch width. Figuyelégpicts

the locations of the damage, i.e. locations ‘1la*10’ of the

lower column half and locations ‘3a’ to ‘3c’ of thepper

column half. (d)

5.3.3 Transient Analysis and Noise Pollution

For the numerical two-storey framed structure, thenamic properties are also
determined by both eigenvalue solution and transa@alysis. For both methods, the
meshed models of the different scenarios of the-stecey framed structure are
exported from ANSYS Workbench (ANSYS Inc 2007b)ANSYS Classic (ANSYS

Inc 2007a) for subsequent processing. The modalpeters determined by solving the
eigenvalue problem are used to validate the numlenmdels and the FRFs obtained
from transient analysis are used as damage fingésgor damage identification. As for

the beam structure, noise-polluted FRF data arergtsd by polluting time history data

from transient analysis with different levels ofiteghGaussian noise.

For transient analysis, an impact force of 500 Idpplied at location H5, which is the
impact point of the hammer in experimental testigge section 4.4.4). The loading
curve of the excitation force is illustrated in &ig 5.20 (a) and reflects a typical
hammer hit observed in laboratory testing. In tiemsanalysis, the response of the two-
storey framed structure is recorded for 16.385 siagration time steps of 0.001 s,

resembling the sampling rate from experimentalirigstThe ‘full method’ is again
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chosen in ANSYS Classic (ANSYS Inc 2007a) to catilthe transient responses.
From the finite element model, 14 different displaent response time histories are
sampled from measurement locations ‘1’ to ‘14’ (§égure 4.28 of section 4.4.3). At
locations ‘1’ to ‘8’ (on the columns), the time tuses are recorded in the horizontal
direction, and at locations ‘9’ to ‘14’ (on the sesbeams), the time history data are
sampled in the vertical direction. As an examphe, generated displacement response

time history from transient analysis of locationiglshown in Figure 5.20 (b).
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(a) (b)
Figure 5.20 (a) Hammer impact force and (b) disglaent response time history of

location ‘4’ of the two-storey framed structure.

As with the numerical beam structure, the genertited history data are polluted with
white Gaussian noise to simulate measurement muisderences experienced during
experimental testing. Therefore, the recorded dahent time histories are first
double differentiated to obtain acceleration timstdry data. Then, the acceleration
response time histories and the excitation forgmadi of the impact hammer are
polluted with different intensities of white Gaumsinoise by using the ‘awgn’ function
in Matlab (The MathWorks 2009a). By employing theise-to-signal ratio function
20logi(ratio) with ratios of 0.01, 0.02, 0.05 and 0.1tadaf noise pollution levels of
1%, 2%, 5% and 10% are generated. To simulaterépeated tests (as executed in
laboratory testing), for each level of noise, fdiferent sets of noise contaminated data
are generated by polluting data with different algrof white Gaussian noise.
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Next, FRFs are calculated from the noise-pollutegdct force signals and the noise-
polluted acceleration response time histories,ofalhg the procedures described in
section 4.2.2. The generated FRFs capture a freguange of 0-500 Hz and comprise
8,192 spectral lines, resulting in a frequency lkeggm of 0.061 Hz per data point,

which equals the resolution obtained from experitaeesting.
5.3.4 Dynamic Characteristics of the Two-Storey Framed Structure

Correlation Analysis and Dynamic Characteristics of Baseline Structure

As with the beam structure, a correlation analysisonducted for the finite element
model of the two-storey framed structure to vakdtite numerical model against data
from the laboratory structure. The indices for thigjective function,OF, of the
correlation analysis are the natural frequendi#sefror) and mode shapeMACerror).

The respective equations 0, NFerror andMACerror are found in section 5.2.4.

For the correlation of the natural frequencies, |@dh5 lists the first seven natural
frequencies of the numerical and laboratory stmecttheir absolute differences and
NFerror values. From the table, it is seen théterror is in general smaller than 10%,
except for mode 7. Very good correlations are agdefor modes 1, 3 and 6, with

NFerror values under 3%.

Table 5.5 Comparison of natural frequencies betwaemerical and laboratory two-

storey framed structure.

Mode 1| Mode 2| Mode 3| Mode 4| Mode 5| Mode 6| Mode 7
Numerical structure [Hz]  2.23 6.50 66.07 72.56 90/2101.53| 130.30
Laboratory structure [Hz 2.26 6.89 67.03 67.03 182} 98.90| 115.39
Absolute difference [Hz] 0.03 0.39 0.96 5.53 8.1 63.| 1491

NFerror [%] 1.33 5.66 1.43 8.25 9.87 2.66 12.92

For mode shapedVAC and MACerror values are used to compare the mode shape
vectors of the numerical structure with those @& #xperimental structure. Table 5.6
presentdVAC andMACerror values of experimental and numerical mode shgpes.

the numerical structure, mode shape vectors ofatd ploints are used, representing the
14 measurement sensors in laboratory testing.) Ehentable, it is seen that the mode
shapes correlate very well, giving a maximACerror value of 1.28% for mode 5.

These excellent results are well below the accéptabeshold value of 10% nominated
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by Brownjohn and Xia (1999) and Maia et al. (199%&).graphical comparison is

illustrated in Figure 5.21, which shows the firsven flexural mode shapes of the finite

element model and the laboratory structure. As lmarseen, the mode shapes match

very well.

Table 5.6 Mode shape

framed structure.

correlation between numeraa laboratory two-storey

Mode 1| Mode 2] Mode 3 Moded Model5 Mode6 Mode 7
MAC 0.9994 | 0.9973| 0.9956 0.9944 0.9872 0.9990 0.9978
MAC [%] 99.94 99.73 99.56 99.44 98.72 99.90 99.78
MACerror 0.0006 | 0.0027, 0.0044 0.0056 0.0128 0.0010 0.0p22
MACerror [%)] 0.06 0.27 0.44 0.56 1.28 0.10 0.22

From the outcomes of the correlation analysiss itancluded that the finite element

model of the two-storey framed structure is a goeiesentation of the laboratory test

structure, and therefore, model updating is noesgary for the purpose of this study.

14
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Numerical structure Laboratory structure Mode 1
M VN i B e '
| | [
2.23 Hz 2.26 Hz
Mode 2 Mode 3

6.50 Hz 6.89 Hz 66.07 Hz 67.03 Hz

Mode 4 Mode 5

72.56 Hz 67.03 Hz 90.20 Hz 82.10 Hz

Mode 6 Mode 7

101.53 Hz 98.90 Hz 130.30 Hz 115.39 Hz

Figure 5.21 First seven flexural mode shapes bbtatory and numerical baseline

two-storey framed structure.
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For the validated numerical model, Figure 5.22 sillates the horizontal FRF
summation function, which is calculated by sumnfiifFs from locations ‘1’ to ‘8'. In
the figure, frequency peaks of all seven modesvaiéle. It is, however, noted that
modes 3 and 6 are indicated with only very smaihps. This suggests that modes 3

and 6 make only a small modal contribution.

0.6 i
JJ/Model '

4/ Mode 2

Amplitude [g/N]
(o]
¢

0 25 50 75 100 125 150
Frequency [Hz]

Figure 5.22 Horizontal FRF summation function afseline structure of numerical

two-storey framed structure.

Next, the individual FRFs of the 14 measuremenatioos are studied. From this
investigation, it is found that FRFs from locatioBs ‘4", ‘6’ and ‘8’ (positioned on the
columns at the height of the crossbeams; see Fig2@ in section 4.4.3) are less
sensitive to the local modes of the columns, wlaich modes 3 to 7 (see Figure 5.21).
As an example, individual FRFs of measurement iooat‘2’, ‘3’, ‘4’ and ‘9’ are
illustrated in Figure 5.23. From figures (a) andl (ghich show FRFs of locations ‘2’
and ‘4’, it is observed that predominantly modesnd 2 are indicated, only a very small
hump is visible for mode 5 and none of the highedeas are represented. For the FRFs
of locations ‘3’ and ‘9’, however, all local modase indicated with distinctive peaks
(even though for some modes the peaks are smh#)low sensitivity to local modes in
FRF data of locations ‘2’, ‘4’, ‘6’ and ‘8’ may rak in a low susceptibility to damage
of FRFs of these locations, as FRF data are priynagnsitive to changes in the
proximity of frequency peaks.
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Figure 5.23 FRFs of (a) location ‘2’, (b) locatiof8’, (c) location ‘4’ and

(d) location ‘9.
Dynamic Characteristics of Structure with Boundary Condition Changes

For the different boundary condition scenarios leé numerical two-storey framed
structure, changes in the dynamic characteristiatual frequencies, mode shapes and
FRFs) are observed. For FRF data, Figure 5.24 snatd=5.25 illustrate horizontal FRF
summation functions of the baseline structure (FFafe different multiple and single
boundary condition changes. From the figures, misite changes in amplitude and
positioning of the frequency peaks are noted. @imib the laboratory structure,
additional frequency peaks emerge for some scenamalicating new modes. The
reader is referred to Figure D.1 to Figure D.11ABPENDIX D, which illustrate the
mode shapes of the baseline structure and all loyrmbndition scenarios of the two-

storey framed structure. As an example, new modpeshof boundary scenarios PPFF
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and FFPP are shown in Figure 5.26. The new modeeshaearly show deformations
introduced by the change of the joint conditiomsfrfixed to pinned.
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(b)
Figure 5.24 Horizontal FRF summation functionsbafeline structure (FFFF) and

different multiple boundary condition scenarios oéimerical two-storey framed
structure.
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Figure 5.25 Horizontal FRF summation functionsbafeline structure (FFFF) and

different single boundary condition scenarios ofnrenical two-storey framed structure.

ode 2a—-143 Hz ode 2b—-16.4 Hz Mode 2a — 18.9 Hz Mode 2b — 20.6 Hz
(a) PPFF (b) FFPP

Figure 5.26 New mode shapes of (a) boundary seerAPFF and (b) boundary

scenario FFPP of numerical two-storey framed stooet

To investigate changes in natural frequencies, erabr lists the first seven resonant
frequencies of the baseline structure and all baupndcondition scenarios. An
accompanying graph (Figure 5.27) illustrates thducdon in frequencies of the
boundary condition scenarios when compared agdirestbaseline structure. Large
changes in frequencies occur for the higher moahesiés 5 to 7) as well as for mode 3.
The actual increase of the frequency of mode &leted to a switch between mode 3
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and mode 4 (the order of the two modes changed)bBondary scenario FFFP, for
example, mode 3 is at a frequency of 75.6 Hz, whitele 4 is at 71.3 Hz.

Table 5.7 Natural frequencies of the first severural modes of the baseline structure

and all boundary condition scenarios.

Natural frequencies [HZ]
Model | Mode?2| Mode3 Mode4 Mode5 Mode6 Mode 7
Baseline 2.2 6.5 66.1 72.6 90.2 101.b 1303
PFFF 2.1 5.5 66.2 72.6 86.1 98.4 126.6
FPFF 2.1 5.5 66.2 72.6 87.2 98.7 126.7
FFPF 1.8 6.4 66.2 71.0 88.2 98.4 1257
FFFP 1.9 6.4 75.9 71.3 88.5 98.7 125.8
PPFF 15 3.7 65.5 71.9 94.0 99.2 1243
FFPP 1.0 6.2 75.6 76.6 94.7 100.0 125)2
FPEP 1.9 55 75.8 71.4 85.4 99.0 112)6
PFPF 1.9 5.7 71.2 64.6 82.0 95.2 1037
FPPF 1.1 54 75.6 70.0 77.2 94.1 1034
PFFP 1.6 5.2 75.7 71.4 86.2 91.9 1102
E 30.00 m PFFF
- 25.00 - W FPFF
g 20.00 - = FEPF
g 15.00 | FFFP
£ 10.00 - m PPFF
S 5.00 - FFPP
£ 0.00 - W FPFP
3 -5.00 A W PFPF
2 -10.00 W FPPF
Model Mode2 Mode3 Mode4 Mode5 Mode6 Mode7 [M™PFFP

Figure 5.27 Changes in natural frequencies oftaiindary condition scenarios of the

numerical two-storey framed structure.

Dynamic Characteristics of the Two-Storey Framed Structure with Added Mass

Next, changes in the dynamic properties for theedddass scenarios are investigated.
From the horizontal summation FRFs of differentetichass cases (depicted in Figure
5.28 and Figure 5.29), it is seen that changesRf Eata are rather small when
compared to the boundary condition scenarios. Bsma added to the lower crossbeam,
the FRFs hardly change. For additional mass aupper crossbeam, a shift of FRF
magnitudes is noted. Further, a new mode emergel.@Hz (for scenario M4),
60.9 Hz (for M5) and 62.8 Hz (for M6). A picture tie new mode is illustrated in
Figure 5.30 for added mass scenario M4. From thE BRphs of Figure 5.29, it is
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furthermore observed that the FRF of M4 experiemaager changes than the FRFs of
M5 and M6, especially in the frequency bandwidtiween 60 Hz and 70 Hz. These
changes are because the new mode (mode 2a) isaladeformation of the upper

column halves and is therefore largely influenced dalditional mass close to the
column. Further, the excitation point of the stunetfor transient analysis is close to the

added mass location M4 and hence, M4 experienogarlahanges than M5.
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Figure 5.28 Horizontal FRF summation functionsbakeline structure and structure
with mass added to the lower crossbeam at locatMhsM2 or M3 of numerical two-
storey framed structure.
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Figure 5.29 Horizontal FRF summation functionsbakeline structure and structure
with mass added to the upper crossbeam at locatibthsM5 or M6 of numerical two-

storey framed structure.

Figure 5.30 New mode (mode 2a) of numerical twoest framed structure that

emerges when mass is added to the upper crossbeam.

For changes in natural frequencies, Table 5.8 lisés frequencies of the baseline
structure and all six added mass scenarios. IntiaddiFigure 5.31 illustrates the
corresponding changes (reductions) in natural #aqgies of the added mass cases when
compared to the baseline structure. From the tabiethe figure, it is noted that large
changes in the frequencies of mode 3 occur for chddass scenarios of the lower

crossbeam. Such changes are because mode 3 ial anlode of the lower crossbeam

150



Chapter 5: Finite Element Modelling

halves and therefore experiences the most dractzdicges from additional mass at the

lower crossbeam. Moderate frequency changes of sneé@ad 7 are further noted.

Table 5.8 Natural frequencies of the first severdes of the baseline structure and all

added mass scenarios.

Natural frequencies [HZ]
Mode 1 | Mode 2| Mode 3 Mode 4 Mode Mode| 6 Mode 7

Baseline 2.2 6.5 66.1 72.6 90.2 101. 130{3

M1 2.1 6.1 60.9 72.5 90.1 99.6 129.(

M2 2.1 6.1 59.4 72.6 90.2 99.3 130.7

M3 2.1 6.1 60.9 72.6 90.1 99.6 129.1

M4 2.1 6.3 66.9 72.7 90.7 100.2 131.1

M5 2.1 6.3 66.3 72.9 90.4 99.7 130.3

M6 2.1 6.3 66.4 72.6 90.3 100.0 129.0

E 7.00

= 6.00 - =M1

Y 5.00 - M2

% 4.00 - M3

£ 3.00

T 200 - m M4

£ 1.00 - M5

g 0.00 - u m M6

£ -1.00

Model Mode2 Mode3 Mode4d Mode5 Mode6 Mode?7

Figure 5.31 Changes in natural frequencies of aflded mass scenarios of the

numerical two-storey framed structure.

Dynamic Characteristics of the Two-Storey Framed Structure with Section

Reduction Damage

For the cross-section reduction scenarios of theamical two-storey framed structure,
18 different damage cases are modelled (damadeesd severities at six locations). For
these section reduction cases, the dynamic prepectiange only slightly. As can be
seen from Figure 5.32, the horizontal FRF summdtioctions of damage at locations
la and 3a, which coincide with the damage locatibrnand ‘3’ of experimental testing,

shift only marginally.
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Figure 5.32 Horizontal FRF summation functionsbafseline structure (intact) and

structure with light, medium and severe sectionuotidn damage at (a) location la
and (b) location 3a.

To investigate changes in natural frequencies,& 818 lists the first seven frequencies
of all section reduction cases and Figure 5.33stilates frequency reductions for
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damage at locations ‘1a’ and ‘3a’. From the tabhel dhe figure, it is noted that

frequency reductions are larger for damage of lasgwerity. Further, a relationship

between frequency drop, the shape of a particuladerand the damage location is

observed. For example, for modes 5 and 6, whichoaad modes of the upper column

halves, the frequency differences for damage atiome 3a (positioned at the midspan

of the upper column half) are larger than for daenaglocation 1a (positioned at the

midspan of the lower column half).

Table 5.9 Natural frequencies of the first severdes of the baseline structure and all

section reduction scenarios.

Natural frequencies [HZz]
Mode 1| Mode?2| Mode3d Mode4 Mode Mode Mode 7

Baseline 2.2 6.5 66.1 72.6 90.2 101.5 130.8
lalL 2.2 6.5 65.6 72.2 90.2 101.4 130.3
laM 2.2 6.5 65.6 72.2 90.2 101.4 130.3
1laS 2.2 6.5 65.2 72.1 90.1 101.8 130/3
1bL 2.2 6.5 65.7 72.3 90.2 101.4 130.8
1bM 2.2 6.5 65.7 72.2 90.2 101.4 130.8
1bS 2.2 6.5 65.7 72.2 90.2 101.4 130,3
lcL 2.2 6.5 65.7 72.2 90.2 101.4 130.8
1cM 2.2 6.5 65.7 72.2 90.2 101.4 130.8
1cS 2.2 6.5 65.7 72.2 90.2 101.4 130,3
3alL 2.2 6.5 65.7 72.2 90.0 101.2 130.3
3aM 2.2 6.5 65.7 72.2 89.8 101.( 130.3
3aS 2.2 6.5 65.6 72.2 89.0 100.4 129/9
3bL 2.2 6.5 65.7 72.0 90.2 101.4 130.8
3bM 2.2 6.5 65.7 72.0 90.2 101.4 130.8
3bS 2.2 6.5 65.7 71.9 90.0 101.2 130.2
3cL 2.2 6.5 65.7 72.3 90.1 101.3 130.8
3cM 2.2 6.5 65.7 72.0 90.1 101.3 130.8
3cS 2.2 6.4 65.7 71.9 90.0 101.1 130/1
~ 1.40

=120 | W lal
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Figure 5.33 Reduction in natural frequencies ottea reduction scenarios at

locations ‘1a’ and ‘3a’ of the numerical two-storépmed structure.
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Even though changes of the vibrational charactesisif the cross-section reduction
scenarios are very small when compared againstgelsadue to boundary damage or
added mass, each section reduction case exhildigsidnal modifications of the

dynamic properties, which can be used to idenkigyihdividual damage scenario.

5.4 SUMMARY

This chapter presented procedures relating to thmmencal modelling of the beam
structure and the two-storey framed structure ushiSYS Classic and ANSYS
Workbench. A correlation analysis was undertakenbfath structures to validate the
numerical models in terms of vibrational charastess against results from the
laboratory test structures. Background informatiwas given on the execution of
transient analysis, which was performed to obtasponse time history data of the
structures, and details on the pollution of acquiteme history data with white
Gaussian noise were described. The derived dynproperties of the intact structures
and their changes due to structural modificatiomewmeresented. For the numerical
models, the characteristics of the changes of ithrational properties were very similar
to those obtained from the laboratory structureghSchanges were, for example: an
increasing drop in natural frequencies when damsige increases (for the beam
structure and section reduction scenarios of thedterey framed structure); enlarged
mode shape changes in the vicinity of the damagatiten (for the beam structure);
newly emerging modes due to changed boundary c¢ondi{for boundary damage of
the two-storey framed structure); and larger changd=RF data for boundary damage
than for added mass and section reduction scendéftwsthe two-storey framed
structure). Further, it was observed that due ¢oidleal conditions of the finite element
simulations, numerically obtained FRF data onlyiéated flexural modes; whereas for
laboratory testing, other modes, such as torsi@matransverse modes, were also
indicated. It was further noted that for the tworsy framed structure, some flexural
modes were only indicated with very small humpths FRF curves, indicating a small
modal contribution of the modes. In addition, fbwe ttwo-storey framed structure,
individual FRF data of certain measurement locatifincations ‘2’, ‘4’ ‘6’ and ‘8’)
demonstrated a very low sensitivity to local moftasdes 3 to 7), which was exhibited
by marginal or no indications of these modes inRR& data.
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CHAPTER 6

METHODOLOGY OF DAMAGE IDENTIFICATION
METHODS

6.1 INTRODUCTION

This chapter presents the theory, background artdadelogy of two novel vibration-

based damage identification schemes. The core tbf dmhemes is the use of artificial
neural network (ANN) techniques for pattern rectigni and noise reduction. One
scheme is a modal parameter method (based on thageaindex (DI) method), and the
other scheme is a frequency response function (FR&thod. To enhance damage
signatures and to reduce the size of input datetwal networks, principal component
analysis (PCA) techniques are employed. A hieraethnetwork training based on
network ensembles is proposed to take advantagediwidual characteristics of

damage indicators derived from different sources.

For the modal-parameter-based method, first, thieatebackground information is
given on utilising the DI method for damage ideaéfion. Second, a mode shape
reconstruction technique based on cubic splinerpotation is presented. This
technique refines mode shape vectors from coarssos@etworks in order to obtain
improved damage identification results. Third, tations of the DI method are
discussed. Fourth, PCA is applied to DI values ime@ffects on damage features and
uncertainties, such as noise and modal analys@serare studied. Fifth, damage
identification by means of PCA-compressed DI valaead ANNSs is proposed. Last,
advantages are discussed on separating PCA-coragrédsvalues according to the
mode shapes they are derived from and analysingséiparated input features in

individual networks based on hierarchical netwarkeanble training.

For the FRF-based method, firstly, advantages dlisingg FRF data over modal
parameter data for damage identification are pteseisecondly, a damage fingerprint
termed as ‘residual FRF’, which represents theetbfices between undamaged and
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damaged FRF data, is analysed and proposed as agedamdicator for FRF-based
damage detection. Thirdly, to overcome dimensignes of large size FRF data, PCA
is applied to the damage fingerprint. The benefitausing PCA for data reduction,
feature extraction and noise filtering are discdsd$eourthly, it is proposed to utilise
PCA-compressed residual FRF data as input featioreANNs to identify damage
characteristics. Finally, network training based r@twork ensembles is suggested,

which individually analyses FRF-based damage indisaseparated by sensor location.

6.2 PROPOSED METHOD 1: DAMAGE IDENTIFICATION BASED ON
DAMAGE INDEX METHOD

The first damage identification scheme proposettismthesis is developed based on the
DI method (Stubbs, Kim & Topole 1992). The DI maths a modal parameter method,
which is based on changes in modal strain energgethby damage. Compared to
frequency-or damping-based methods, the DI methadare robust in the presence of
noise and environmental influences. Further, ifiglobal technique that is able to
assess the condition of the entire structure sanetusly. Many researchers have
successfully applied the DI method in various fseland applications, and several
modifications of the algorithm have been developad verified by analytical and
experimental studies (see section 2.7).

Despite the reported successful applications ofallgerithm, the method has several
shortcomings. For example, if damage is locatedecto a node point of a given mode,
the defect stays undetected unless other modassadefor detection. In addition, when
multiple mode shapes are used, it often producks® fpositive damage detection
especially when only limited measurements are abbkal These issues lead to major
challenges when the method is applied to real &tres under real testing conditions.
The accuracy and reliability of damage detectiom gireatly jeopardised due to, for
example, measurement noise interferences, limitedber of sensors, experimental

modal analysis uncertainties and environmentali@rftes.

The successes as well as the challenges of thesihloah sparked the interest in utilising
and further developing this technique for improvedmage identification. In
conjunction with ANNs and their robust capability pattern recognition and noise

filtering, this thesis investigates a novel damagentification scheme that has the
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potential to overcome the problems of the DI methaod of delivering desired damage
identification results for field application. By @hoying mode shape reconstruction and
PCA techniques, further improvements of the damagmtification outcomes are
anticipated. A unique contribution of this thessstihe design and training of neural
networks in a network ensemble scheme that takeansage of unique individual
features of the mode shapes and characteristiPCafcompressed DI values derived

from different vibrational modes.

The proposed method is verified by a numerical ataboratory simply supported steel
structure. In order to incorporate field-testingnditions, the issue of limited number of
sensors is considered by allowing only a small nemdd measurement points for the
numerical as well as the experimental structurethién, white Gaussian noise is added

to the numerical data to simulate field conditiomghe numerical simulations.

6.2.1 Theory of Damage Identification using Damage Index Method

The DI method was developed by Stubbs, Kim and Teopo 1992 (Stubbs, Kim &
Topole 1992). This method utilises an indicatoreoasn modal strain energies, which
are a function of relative changes in mode shapeatwres of a structure before and
after damage, to detect, locate and quantify dam@gasidering a general Euler-
Bernoulli beam, the strain energy stored in a systeexpressed by,

1% 2
U, = EI El(w(x)° dx (6.1)

0

whereEl is the flexural rigidity of the beam amwdthe beam deflection. Similarly, the

energy in modal space associated with a particntade shape is calculated from,

1§ ,
U, = EI El(g (x))° dx 6.2
0
whereg" is the second derivative or curvature of mode slggpith respect te. If the
Euler-Bernoulli beam is subdivided inkbelements, the modal strain energy associated
with thej™ element for thé" mode is given by,

U, = %I(El)j(qf'(x))z dx (6.3)

j
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The fractional energy of tH& element, denoted &, is therefore,

s I (ED), (o o) ox
F = U_” = i (64)

;ja ( (x))? dx

0

By assuming that the fraction of modal energy esgsame for damaged (indicated by *)

and undamaged structures, it is found that,

AR UL )
SJE o o _ L (o () o (6.5)
29 )

When rearranging equation (6.5), the damage inalicait modei and membey, 5, is

obtained from,

@) e od(e o o
G = L= 2 - (6.6)
(E1), [( ) o (4" (x) ox

j 0

Here it is assumed that the flexural rigidigt) of the damaged and undamaged modes
is constant over the entire length of the elememb establish a comparative basis for
different modes, the DJ3; is transformed into the standard normal space, thed

normalised damage indicatdy is given by,

(6.7)

with 15 being the mean andy the standard deviation of th& values for allj

elements. The estimation of the damage severitglanenij is expressed by,
ay = 1-— 6.8

with a; being the severity estimator.
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Positive Z; and a; values indicate the possibility of damage and t@erefore be
utilised to locate and quantify defects, respetfivéls an example, the damage
indicatorsZ; and g; of the numerical beam structure are shown in Eigut and Figure
6.2, respectively. The illustrated damage indiaesderived from mode 1 of noise-free
numerical beam simulations of 41 data points. &ftgures, the horizontal axis shows
the length of the beam, with ‘1’ to ‘7’ indicatinthe seven investigated damage
locations, and the vertical axis the damage indiesnd a;, respectively. The actual
damage location is marked with a straight line.uFég6.1 shows the damage indicator
Z; of beams with defects at locations ‘4’, ‘5’ and. ‘6lere, a clear indication of the
damage location is visible. Besides the actual d@mnaome false detections appear
close to the supports (indicated by posit&evalues). The magnitudes @f for the
spurious damage locations are, however, signifigasrhaller when compared to the
values of the actual damage. The existence of tfadse indications is inherent to the
DI method and is usually overcome by summing upv@lues of several modes and
thereby enhancing the magnitude of the indicehatactual damage site. Further, the
issue of spurious damage can be dealt with bydotimg a threshold value, i.e. only DI
values above a certain threshold value (&.qalues above 0.5) indicate damage. The
illustrations of Figure 6.2 depict the severityi@sttor o; of beams damaged at location
‘4" with damage severities of light, medium and exevextent. The varying magnitude
of ¢; clearly indicates different damage extents. Thenpimenon of spurious damage is

also observed for the severity estimator

4 4 4;
3 3 3
N2 NT2 NT2
1 H 1 1t
(i : i (e
12 3 45 6 7 1 2 3 45 86 7 12 3 45 6 7
Beam Length (Location) Beam Length (Location) Beam Length (Location)

() (b) (c)
Figure 6.1 Damage indicator jZderived from mode 1 of noise-free numerical

simulations. Damage is situated at (a) location @) location ‘5’ and (c) location ‘6’.
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Figure 6.2 Severity estimato#; derived from mode 1 of noise-free numerical
simulations. Damage is situated at location ‘4’ lwgeverity (a) light, (b) medium and

(c) severe.

6.2.2 Reconstruction of Mode Shapes

The reliability and accuracy of damage identifioatis closely related to the density of
measurement points (sensors) especially for moasdd damage identification
methods (Stubbs & Park 1996; Wang & Zong 2002). Wime measurement data
available (the finer the sensor network) the mareueate the damage diagnosis. For
practical applications, however, it is important bth cost and practicality to be able
to obtain reliable damage identification resultsnironly a few sensors. When the
collected data are below a certain quantity, thealge detection results inevitably
become unreliable. An optimal damage detectionreehis therefore able to give more
reliable and precise identification results froomaimal number of sensors. For the DI
method, one way of achieving improved damage itleation with a small number of
measurement points is to refine mode shape veaditlising data interpolation
techniques. The approach of mode shape reconstnucti improved damage detection
is reported in several publications. Park and $uli895) and Stubbs and Park (1996)
utilised Shannon’s sampling theorem combined whign DI method to locate damage
with fewer sensor data points. Worden, Manson afichak (2001) applied a cubic
convolution polynomial interpolation to refine modbapes for strain-energy-based
damage detection. Choi (2007) compared cubic spfitezpolation techniques against
Shannon’s sampling theorem techniques for modeestegpnstruction and subsequent
damage identification based on the DI method. Glwicluded that utilising cubic
spline interpolation for mode shape refinement @areffective in improving damage

identification results than using Shannon’s sangpiireorem.
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In this study, experimental testing of the steedrbe is conducted utilising a reduced
number of 9 measurement sensors (see sectionigidy ghode shape vectors of 9 data
points. To enhance the quality and effectiveness dafmage identification, a
reconstruction of the mode shape vectors fromltpoints is performed. Based on the
results and recommendations of Choi (2007), thaccapline technique is used for
interpolation. MATLAB (The MathWorks 2007) providemn easy access to data
interpolation using the Spline function. In the @im®n, a tri-diagonal linear system is
solved to describe the coefficients of various cutelynomials, which make up the
interpolating spline. From the original 9 data geimode shapes and the reconstructed

mode shape vectors (containing 41 data points) danmalicesZ; anda; are derived.

To show the effectiveness of mode shape recongnjctiamage indiceg; of an
experimental beam derived from mode shapes of Handata points are illustrated in
Figure 6.3. Depicted are DI values derived from e®d to 4 of a beam with medium
damage at location ‘5. It is noted that the figuomly display positiveg; values, which
indicate the possibility of damage. From #evalues of mode 2 (Figure 6.3 (a) and
(d)), it is observed that the actual damage attioed5’ is correctly indicated for both
DI values. Both figures also show positiZe values of a spurious damage around
location ‘1’. The damage locator derived from tHedata point mode shape, however,
enhances the magnitude of the actual damage fré6no12.5, while the magnitude of
the spurious damage stays about the same. An esthant of the DI value at the actual
damage site is important to establish the existefcdamage at that location with
higher confidence and to dismiss other false danmadjeations. For the DI values of
mode 3 (Figure 6.3 (b) and (e)), tAefigure of 9 data points indicates a damage at
location ‘7’ and some minor damage at locations td'‘6’. When establishing a
threshold value of about 0.5, the actual damageldvstay undetected, which could
have significant consequences. Utilising mode shagoenstruction techniques, the
magnitude of damage at location ‘5’ is enhancee @@gure 6.3 (e)). Even though a
spurious damage at location ‘6’ is still shown, #Hwual damage site is indicated and
cannot be dismissed. For the figures of mode 4uf€i®.3 (c) and (f)), th&; values
derived from the original 9 data point mode shapallly dismiss the actual damage
with no positiveZ; values near the damage location, which will calyaresult in an

oversight of the present damage. Instead, falseagarns shown at both supports. By
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reconstructing the mode shape, the missing damialgeation ‘5’ resurfaces as a well
defined peak locating the damage correctly (sear€i§.3 (f)). Some spurious damage
is still indicated for the 41 data point valueswewver, their magnitudes are notably

smaller.

From these figures, the effectiveness and sigméieaof mode shape reconstruction for
Dl-based damage identification with a limited numbgsensors is shown. Even though
in some cases the reconstruction technique mayroside better results, it at least
performs equally as well compared to merely usimg limited original mode shape
data. In most cases, however, the quality of damdgatification is significantly

improved, resulting in more precise and more rédiaamage detection.
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Figure 6.3 Zvalues derived from mode shapes with 9 and 41 plaitats, respectively.
The DI values are derived from modes 2 to 4 of xgeemental beam with medium

damage at location ‘5’

For finite element modelling, the density of thedashape coordinates is linked to the
mesh (see section 5.2). For numerical simulatidnth® beams, 201 node points are
modelled in the longitudinal direction, giving mosleape vectors with 201 coordinates.
To be comparable with experimental measurements &isensors (see above), the

number of numerical mode shape coordinates is eglt 41 (corresponding to case
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41a) and 9 data points. Then, using cubic spliterpolation technique the 9 data point
mode shapes are expanded to 41 data points (condisg to case 41b). Mode shape
vectors of 41a data points are used to compardtsesom reconstructed mode shapes
of a coarse sensor network (41b) against thosaneokadirectly from a finer sensor
network (41a). From the mode shape vectors of 94ngoints (both 41a and 41b

cases), the damage indicgsindg; are again derived.

Figure 6.4 shows a comparison between the damalyesy; of mode shapes with 9,
41b and 4la data point cases obtained from nunherniodelling of the steel beams.
Similar to Figure 6.3, damage indicators of a betamaged at location ‘5’ derived
from modes 2, 3 and 4 (of noise-free simulation® ilustrated. This comparison
shows again the effectiveness of mode shape reactish using cubic spline
interpolation techniques as well as the impact iieiént sensor densities to damage
indices. It is stressed that the depicted DI vahresderived from numerical simulations
with no noise pollution, which means that all spud detections are inherent issues of
the DI method (which will be discussed in more détasection 6.2.3).

From thez; values of 9 and 41b data points (see Figure §.to(@)), the effect of mode
shape refinement is again clearly visible. For nso@and ‘4’ (Figure 6.4 (a) and (d),
and (c) and (f)), the magnitude of tAevalues at the actual damage location increases
from 1.7 to 2.8 and 1.8 to 3.3, respectively, r@iaing reliability of the identification of
the damage at location ‘5. Similar to the resutif experimental testing, a
reconstruction of mode shape 3 prevents the misditige actual damage by enhancing
the peak at location ‘5’ (see Figure 6.4 (b) anp. (&Vvhen comparing the directly
derived DI values from different sensor densities. @ and 41 (case 41a) sensors), the
significance of the number of sensors in DI-basaehabe identification becomes clear.
The DlIs derived from mode shapes of 9 data poirddyce not only correct location
identifications but also a number of false damagdications (sometimes with
magnitudes even larger than the peak at the adambge site), while thg values of

41 sensors (case 41a) show very sharp and cleks pedhe correct damage location

and smaller indications at spurious damage sites.
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Figure 6.4 7 values derived from mode shapes with 9, 41b aral dHta points,
respectively. The DI values are based on modesahd34 from noise-free numerical

simulations of a beam with medium damage at lond&o

These results show that an increased number obiseits measurements significantly
improves the accuracy and reliability of DI-baseanage detection. By reconstructing
mode shapes from a small number of sensors uglisubic spline interpolation,
important information can be regained and damaegetification results improved (as it
is observed from th&; values derived from refined mode shapes of 41h gaints).
Although the damage detection results of reconttdienode shapes (of 41b data
points) are inferior to results obtained from diremde shape vectors of a large number
of sensors (4la data points), the enhancement g indices can prevent an

oversight of damage cases and deliver more praogeobust detection results.
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Therefore, it is always recommended to reconstmioctie shape vectors for damage
identification unless data from a very fine sensetwork are available. In general, the
accuracy of damage localisation outcomes is inerpeoportional to the distance

between two sensors. Thus, if a finer resoluti@ntthe available sensor distribution is
required, mode shape reconstruction is essentaheSjuidelines on the determination
of the ratio between original and reconstructec gaints as well as on other available

reconstruction techniques can be found in (Choir200

In the following discussions, DI values of all numsal and experimental beam data are
derived from reconstructed mode shape vectors lfdéia points utilising cubic spline
interpolation techniques. The necessity of usingtéd sensors in field applications is
thereby considered and advantage is taken of th@owed damage identification
capability arising from reconstructed mode shagBse full set of DI valueg; ando;

of noise-free numerical beam simulations derivemnfrreconstructed mode shapes of
41b data points is illustrated in APPENDIX E.)

6.2.3 Limitations of Damage Index Method

A number of issues are encountered with the DI ptethThese issues are either
associated with the DI algorithm itself or to liatibns such as coarse sensor networks,
incomplete modal data, modal analysis errors, nmserferences or environmental
uncertainties such as temperature and humidityuaions. As outlined in CHAPTER
2, many efforts have been made to overcome theeblgms, for example, by
modifying the original DI method or by introducingchniques that either enhance the
damage indicators or reduce uncertainties. Sontheofimitations associated with the

DI method are discussed below.

Firstly, node points of mode shapes may createutanges in the calculation of the DI
values (see equations (6.4) to (6.6)). These samigigls result in exceptionally large DI
values at (and in the proximity of) the node pqimikich lead to the false indication of
damage (Shi, Law & Zhang 1998). This phenomendhuistrated in Figure 6.5 foZ,
values of modes 3, 6 and 7 of noise-free numesirtatlations of a beam damaged at
location ‘6’. Figure 6.5 (a) to (c) display damagdices derived from fine mode shapes
of 41a data points and Figure 6.5 (d) to (f) shawegs from reconstructed mode shapes

of 41b data points. In Figure 6.5 (a) to (c), spusi node point indications are clearly
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visible. For mode 3, two additional peaks appedh@&proximity of the two node points
(see Figure 6.5 (a)); likewise for th& values of modes 6 and 7, false damage
indications appear close to the node points ofethe® modes (see Figure 6.5 (b) and
(c)). When only a coarse network of sensors is sed Figure 6.5 (d) to (f)), these
false damage indications are enhanced, resultingiare uncertainties. Due to these
spurious indications, which become worse at highwdes (more node points),
techniques such as the summation of DI valuesftdrdnt modes are crucial to ensure

reliable damage diagnosis.
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Figure 6.5 Zvalues from noise-free numerical simulations dbeam with medium
damage at location ‘6’ derived from (a) to (c) fimede shapes of 41a data points, and
(d) to (f) reconstructed mode shapes of 41b datatpoDI values are calculated from
(a) and (d) mode 3, (b) and (e) mode 6, and (c)@&nehode 7.

Secondly, node points of mode shapes may createndetectable situation in some
cases, i.e. when damage is situated at the acicatidn of a node point, it cannot be
detected. This is demonstrated in Figure 6.6, wBlabws damage indicatd@y derived
from modes 2, 4 and 6 of a noise-free numericahbbdamaged at mid-span (location
‘4’). As location ‘4’ is a node point for these && modes, modal amplitude at this node
point location is zero resulting in zero valueZpfeven with damage occurring at that

location. Due to the normalisation process thaisi@ms/ to Z; (see equation (6.7))
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spurious damage indications appear forzheadicator (see Figure 6.6). For the severity
estimatoro;, the DI values indicate no damage at all (seergigu5 to Figure E.12 in
APPENDIX E).
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Figure 6.6 Z values from reconstructed mode shapes of noise-fremerical
simulations of a beam with medium damage at londtlbderived from (a) mode 2, (b)

mode 4 and (c) mode 6.

Thirdly, DI values close to the beam supports agey \susceptible to uncertainties
causing false indications of damage. Examples afrigps damage peaks in the
proximity of the beam-ends are illustrated for dgmat locations ‘5’ and ‘6’ in Figure
6.7 (a) and (b). Here, besides the correct dameagksp false damage indications close
to the support at the right beam-end are produdedt, if damage is situated close to
the beam-ends (e.g. at location ‘7’, see Figurg®)/ the actual damage peak is shifted

towards the support, giving mislocated damage atatios.
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Figure 6.7 Z values from reconstructed mode shapes of noise-fremerical
simulations of beams with medium damage at (a)tioca’5’ (data derived from
mode 6), (b) location ‘6’ (mode 1) and (c) locati@h(mode 3).

Furthermore, the most important issue is relatatiesusceptibility of the DI method to
uncertainties such as noise interferences, modalysia errors and environmental

influences (e.g. temperature or humidity fluctuasp Noise can be caused by many
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sources such as testing procedures, noisy envinoinared electronic systems during
measurement (e.g. sensors, cables and acquisystenss). The vulnerability of the DI
values to noise is illustrated in Figure 6.8, whatibplays damage indicatdy derived
from mode 1 and mode 5, based on numerical sinoalafpolluted with three different
random signals of white Gaussian noise at 2% rtoisggnal ratio. Here, light damage
is present at location ‘4’. Figure 6.8 (a) and @eépictZ; values that almost perfectly
match the indices obtained from noise-free simoiei(i.e. noise uncertainties did not
influence these two damage indices). The DI vahfeBigure 6.8 (b), (c), (e) and (f),
however, display additional spurious damage inthoatas well as shifted peaks of the
actual damage. This displays clearly the vulneitgbdf the damage indices to noise.
The susceptibility to noise influences is naturddisger when the damage is less severe

or the noise level is higher.
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Figure 6.8 Z values from numerical simulations of a beam wightl damage at
location ‘4’. Data polluted with three differentgsials of 2% white Gaussian noise
derived from (a) to (c) mode 1, and (d) to (f) méde

The issues described above compromise the retialahd effectiveness of the DI
method in diagnosing damage. Some problems campeoved by summing the DI
values of different modes. However, the performaoteéhe method is still greatly

dependent on the number and quality of the avalatides (Pereyra et al. 1999).
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6.2.4 Principal Component Analysis for Damage Index Values

As outlined above, the big drawback of the DI mdths its susceptibility to
uncertainties such as measurement noise, modaysearrors and environmental
fluctuations. PCA is known for its capability todece the dimension of data as well as
its ability to reduce the influence of uncertaigtiby filtering unrepeatable random
features (see section 3.4). Measurement noise, Imodéysis errors and environmental
uncertainties are random features, which should b®otcorrelated with the global
characteristics of the DI values. Therefore, byjguoiing DI data onto the most
important principal components (PCs) and disreggrd?Cs of low power, only the
most dominant characteristics of the data are eteta and uncorrelated features of

noise, modal analysis and environmental unceresrdan be reduced, if not eliminated.

Based on the equations of section 3.4, the ‘pringofunction in MATLAB (The
MathWorks 2009b) is utilised to transfer the damagdices into the principal
component space. For each mode, the DI valjeend ¢; of the noise-free and the
noise-polluted numerical data and the laboratonbelata are separately arranged in
matrices ofm x k, wherem is the number of observations (number of sampidatje
cases) andk the dimension of the observations (41 DI data tsonf Z; and of g
obtained from reconstructed mode shapes). For tbesespolluted numerical
simulations, data from all four noise levels asnsformed together in order to extract
the main characteristics from the entire data sdtta obtain comparable results among
data polluted with different levels of noise. THerefor noise-free numerical data 16
cases are available, 576 samples are availabledon mode of the noise-polluted
numerical beam data and 400 sampled data caseadbmode of the laboratory beams
(see Table 6.1). After the projection, each obgermas represented by 41 PCs.
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Table 6.1 Specifications for PCA transformation [@if data from numerical and

laboratory beam structure.

Sampled | DI data

casesti] | points K] Remarks

Noise-free

numerical data 16 41 16 damage scenarios (4 locations x 4 sea@riti

16 damage scenarios (4 locations x 4 severities)
576 41 x 3 undamaged data cases x 3 damaged |data
cases x 4 noise levels

16 damage scenarios (4 locations x 4 severities)
400 41 x 5 undamaged data cases x 5 damaged data
cases

Noise-polluted
numerical data

Laboratory
beams

The derived PCs represent a ce