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ABSTRACT

Modal analysis has been extensively developed during the last two decades and has
become one of the most effective means of identifying the dynamic characteristics of
engineering structures. However, most of the techniques developed so far are based on
the assumption that the structures to be identified are linear while, in practice, most
engineering structures are nonlinear. It is therefore necessary to extend existing linear
modal analysis techniques or develop new techniques so that structural nonlinearity can
be detected, quantified and mathematically modelled based on the measured input-output
dynamic characteristics. This thesis seeks to present complete yet new developments on
the identification of dynamic characteristics of nonlinear structures.

For nonlinear structures whose modal parameters for certain modes are displacement
dependent (the nonlinearity is of symmetrical type), a new nonlinear modal analysis
method based on the measured first-order frequency response functions is developed.
The method has been effectively applied to the data measured from practical nonlinear
structures even when the modes become considerably complex. On the other hand, for
structures whose nonlinearities are such that the measured first-order frequency response
functions are effectively linear (nonlinearity of nonsymmetrical type), a higher-order
frequency response function analysis is presented which provides opportunities for the
identification of such nonlinear structures. Both the first- and higher-order frequency
response function analyses are based on the classica assumption that the output of a
nonlinear structure is periodic if the input is periodic. However, for some nonlinear
systems (chaotic systems), this assumption is no longer valid and specia techniques need
to be developed in order to identify them. In this thesis, for the first time, the hidden
chaotic behaviour of a mechanical backlash system with realistic system parameters has
been reveded and, based on this system, quaitative as well as quantitative ways of
identifying chaotic systems are presented. Both numerical studies and experimental
investigations are carried out and possible engineering applications are discussed.

It is believed that nonlinearities of most engineering structures are usually localised in just
a few gpatial coordinates and the ability to locate these has some important engineering
applications. In this thesis, location techniques based on the correlation between anaytical
model and measured modal parameters as well as frequency response data are devel oped.
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Numerical study and experimental investigation demonstrate the practical applicability of
these techniques. Because of the limitation of measured data available, it is essentia to
pinpoint where the structural nonlinearity is located before a nonlinear mathematical
model can be established.

The ultimate target of the analysis of a nonlinear structure is to establish a nonlinear
mathematical model (spatial model) which is a function of response amplitude. It is
believed that such a target can only be achieved by combining analytical modelling (FE
modelling) and modal testing techniques. In this thesis, new model updating methods are
developed and extended to the mathematical modelling of nonlinear structures based on
the correlation between analytical and measured modal parameters as well as frequency
response data. The practical applicability of these methods is assessed based on a specific
case study. Criteria on minimum data required in order to update an analytical model are
established and the possibilities and limitations of analytical model improvement are
discussed which make it possible for the analyst to judge whether a set of measured data
will be sufficient to solve the model updating problem uniquely.
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CHAPTER |1

INTRODUCTION

1.1 GENERAL INTRODUCTION

In current engineering practice, the emphasis placed on safety, performance and reliability
of structural systems is becoming more and more demanding due to the continuous
challenges from real life. For example, any design inadequacy in an aircraft might lead to
huge loss of human life. In order to design a structural system which, after being
manufactured, will satisfy the prescribed safety performance and reliability criteria, it is
essential that dynamic analysis be carried out at the design stage as well as a the
prototype stage and, subsequently, a mathematical model which can accurately represent
the dynamic characteristics of the structure be established. Such a mathematical model is
needed for response and load prediction, stress and stability analysis, structural
modification and optimisation etc.

For smple structural components, such as uniform beams and plates, mathematical
models (and analytical solutions) which accurately describe their dynamic characteristics
are readily available. However, due to the complexity of most engineering structures,
analytical solutions are often impossible to obtain (if they exist a al) and numerical
approximations have to be pursued. In structural mechanics, the most commonly
employed numerical method is the so-called Finite Element Analysis (FEA) method. In
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FEA, a continuous structure is discretised into many ‘small’ elements (the size of the
element depends on the analysis accuracy required) called ‘finite elements and then,
based on the theory of dynamics (e.g., Newton’'s law, Lagrange equation) and mechanics
of deformable bodies (e.g., stress-displacement equations, stress-strain relations), a
mathematical model of the structure is derived. This is often referred as the ‘analytical
model’ as compared with the ‘experimental model’ which is derived from dynamic
testing. Once a mathematica model (spatial modedl in terms of mass, stiffness and
possibly damping matrices of the structure) has been formulated, the next step of the
analysis is to solve the differential equations to obtain the dynamic response. However,
due to the approximations and idealisation involved, lack of knowledge about the
structure and even sometimes mismodelling of structural joints and boundary conditions,
it is inevitable that the mathematical model thus established will not aways adequately
represent the actual behaviour of the real structure.

Apart from the analytical approach to achieve a mathematical model for the study of
vibration characteristics of a dynamic system, another major approach is to establish an
experimental model for the system by performing a vibration test and subsequent analysis
on the measured data. This process, including the data acquisition and the subsequent
analysis, is now known as ‘Modal Testing'. The theoretical basis and practical
applications of modal testing have been discussed in detail in [1]. The most significant
application of modal testing is perhaps to compare and eventually to validate an analytical
model using measured vibration test data. Apart from this, mathematical models derived
from measured data (referred to as ‘experimental models' which can be in the form of
response, modal or spatial models) are frequently used in structural modification analysis,
structural coupling, force determination etc. It is usually believed that provided sufficient
care is given to the experimental procedures, the results from measurement are those that
should be regarded as the most correct.

In atypical engineering design process, both analytical prediction and experimental modal
testing procedures are involved in an iterative way. They have complementary roles for
the complete description and understanding of the dynamic behaviour of a structure and
one cannot be substituted for the other. In the present work, we shall be dealing mainly
with the experimental side of the problem of evaluating the dynamic characteristics of
mechanical structures (mainly nonlinear structures), although analytical models are often
needed and are assumed to be available in the studies of location of structural
nonlinearities and mathematical modelling of nonlinear structures.
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1.2 STRUCTURAL NONLINEARITY

Most of the theories upon which structural dynamic analysis is founded rely heavily on
the assumption that the dynamic behaviour of the structure to be analysed is linear. By
this is meant that (i) if a given loading is doubled, the resulting deflections are doubled
and (ii) the deflection due to two (or more) simultaneously applied loads is equal to the
sum of the deflections caused when the loads are applied one at each time. This
superposition principle of linear systems can be expressed mathematically as

x[af(D)] = ox[f(D)] (1-1)
Y A®]= X x[fi0)] 12
k =1 k=1

where x is the deflection, f(t) is the loading force and a is a constant. Linear
mathematical models of engineering structures based on this superposition principle have
proven to be very useful in numerous engineering applications. From genera theoretical
considerations based on the superposition principle, successful methods have been
developed and applied to the dynamic analysis of linear structures.

Failure to obey the superposition principle implies that the structure is nonlinear. In fact,
most practical engineering structures exhibit a certain degree of nonlinearity due to
nonlinear dynamic characteristics of structural joints, nonlinear boundary conditions and
nonlinear material properties. For practical purposes, they are in many cases regarded as
linear structures because the degree of nonlinearity is small and therefore insignificant in
the response range of interest. For other cases, the effect of nonlinearity may become so
significant that it has to be taken into account in the analysis of dynamic characteristics of
the structure.

It is often supposed that unless a real measurement is taken, the existence of a
nonlinearity in a practica structure cannot be foreseen based on analytical prediction nor
the degree of nonlinearity can be analyticaly quantified. Experimental investigation
becomes essential in the identification of dynamic characteristics of nonlinear structures.

The present research focuses on the identification, location and mathematical modelling of
practical nonlinearities based on measurement of the input/output dynamic characteristics
of nonlinear structures. Although there have been severa efforts directed towards the
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identification of nonlinearity, there has not been a complete and systematic devel opment
of identification techniques which are required in order to analyse the numerous different
nonlinear phenomena that occur in engineering practice. Further, the location of
nonlinearity (information about where the nonlinearity is located in a structure), which
has important engineering applications has not been investigated to date. Also, as an
ultimate target of nonlinear system analysis, the establishment of a nonlinear spatial
mathematical model which is a function of the response amplitude, has not been
investigated in spite of its practical relevance to numerous engineering applications.

1.3 IDENTIFICATION OF DYNAMIC CHARACTERISTICS OF
NONLINEAR STRUCTURES

System identification, which is generaly considered as the inverse problem of system
dynamics, is in the scope of various fields such as structural and control engineering.
Although mathematicians and engineers have developed a number of approaches to
address the identification problem, most of the work to date has been restricted to linear
systems. Nonlinear systems are, however, often assumed to be linearisable in some
manner, and the resulting linear model is then used to analyse the behaviour of the
system. Significant inaccuracy arises when conditions and/or assumptions required for
the linearisation are violated.

The identification of linear time-invariant system is relatively well understood and
theoretically well developed. The same is not true for the case of a nonlinear system.
Nevertheless, over the past years, some progress has been made in the development of
both theories and techniques in the identification of nonlinear systems. A very brief
review is presented here in terms of frequency, time and amplitude domains and a more
detailed discussion will be given in some later chapters when specific topics are described
or referred.

1.3.1 FREQUENCY DOMAIN TECHNIQUES

Techniques developed for the identification of nonlinearirities in the frequency domain
are, in genera, based on the comparison of different characteristics of the measured
frequency response functions of linear and nonlinear structures (nonlinearity detection)
and extension/modification of classical linear analysis methods to nonlinear structures
(nonlinearity quantification). Asthe first task of nonlinearity analysis, the detection of the
existence of nonlinearity is believed to be relatively easy. For most practical nonlinear
structures, frequency response functions (FRFs) measured using sinusoidal excitation
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with constant forcing amplitude will show certain form of distortion as compared with
those of alinear structure. Distortions of measured FRFs when they are displayed in the
form of a Bode plot [1] or reciprocal receptance [2] have been employed to detect the
existence of nonlinearities. Also, as discussed in [1], when a structure is nonlinear, the
isometric damping plot calculated based on the measured FRF data will show systematic
variation (surface distortion) and this variation is an indication of nonlinearity. These
detection techniques are smple and easy to implement in practice.

As a more sophisticated method, the Hilbert transform technique can be used to detect,
and to some degree, to quantify structural nonlinearities. The theory of the Hilbert
transform, which is an integra transform, is described in detail in [3]. The basis that the
Hilbert transform technique can be used to identify nonlinearity is due to the fact that for a
linear structure, the real and imaginary parts of a measured FRF congtitute a Hilbert
transform pair (that is: H[Re(a(w))]=Im(a(w)) and vice versa), while for the FRF of a
nonlinear structure, these Hilbert transform relationships do not hold. By calculating the
Hilbert transform of the rea part (or the imaginary part) of a measured FRF and
comparing it with the corresponding imaginary part (or rea part), the existence of
nonlinearity can be identified based on the difference of the transform pair [4].

For most practical applications, not only does the nonlinearity need to be detected, but
more importantly, it needs to be quantified. The Hilbert transform approach seeks to
quantify the nonlinearity by measuring the degree to which the Hilbert transform pair
differ from each other. As a more practical way of quantifying structural nonlinearity, the
Inverse Receptance method was developed [5] which aims to establish the relationship
between the natural frequency and the vibration amplitude of a nonlinear structure.
However, the method is restricted to the case in which the mode to be analysed isreal.

All the above-mentioned techniques are formulated for the identification of nonlinearity
based on the measured first-order FRFs (FRFs which are obtained by considering only
the fundamental frequency component of the response signal, as will be defined later).
For some nonlinear structures, the measured first-order FRFs are effectively linear and
for some practical vibration problems in which the harmonic components of the response
become as important as the fundamental component, the measurement and analysis of
higher-order FRFs becomes necessary. The theoretical basis of higher-order FRFs is the
Volterra series and its extended Wiener series theory [6]. However, research activities
had been restricted in electrical and control engineering since Wiener’s early work [7] and
until recently that the theory has been applied to the identification of nonlinear mechanical
structures [8] and found to be quite useful.
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1.3.2 TIMEDOMAINANALYSIS

As in the identification of linear structures for which time domain methods such as
Ibrahim’s method (ITD) [9] can be used to obtain modal parameters of alinear structure,
structural nonlinearities can be identified by analysing the measured time force and
response data directly. The simplest method of nonlinearity analysisin time domain is the
phase-space or, more specificaly, the phase-plane approach [10] which gives both local
and global behaviour of a nonlinear system and provides an exact topological account of
all possible system motions under various operating conditions. In the case of sinusoidal
excitation, the Poincaré map which is the discrete phase-space trgjectory of the motion,
can be calculated to detect the existence of harmonic components and so the existence of
nonlinearity.

The force state mapping technique for the identification of nonlinearity was initiated by
Masri and Caughey [ 11] and independently developed by Crawley and O'Donnel | 12-
13]. The technique aims to establish the relationship between the restoring force and the
vibration displacement and velocity F(x,x). For an SDOF nonlinear system described by

m x + F(x, x) = f(t) (1-3)

where F(x, x) is the restoring force, if, by some means, the mass m of the system is
known and quantities x, x, X and f(t) are measured, then the restoring force F(x, x) at
given state (x, x) can be calculated. If the system is linear, then the restoring force surface
isaplane as shown in Fig. 1.1(a). If the system is nonlinear, then some surface distortion
is expected, as shown in Fig.l.l(b) for the case of cubic stiffness nonlinearity. The
extension of this technique to certain nonlinear MDOF systems has been investigated [ 1 1]
and the practical application of the technique has been discussed [ 14].
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VELOCITY VELOCITY

(@) linear SDOF system (b) nonlinear SDOF system
Fig. 1.1 Restoring Force Surfaces of Linear and Nonlinear Systems

Time series analysis techniques [ 15] have been widely used in the modelling of linear
systems and have recently been extended to the identification of nonlinear systems|[ 16-
17]. In general, alinear time-invariant system can be represented by higher-order (more
than the second) differential equation with constant coefficients. Such a differential
equation can, in theory, be approximated by a difference equation whose accuracy
depends on the time interval of sampled data points. The time series analysis seeks to
calculate the coefficients of the difference equation model based on the measured input-
output time series data. In the case of a nonlinear system, extra coefficients have to be
identified which represent the effect of the nonlinear behaviour [16). After the difference
equation model, which describes the dynamic characteristics of a nonlinear system, has
been identified, the first-order and higher-order frequency response functions of the
system can be calculated [ 18].

1.3.3 AMPLITUDE DOMAIN ANALYSIS

Nonlinearities can also be identified by calculating the amplitude probability density
function of the response due to random excitation. For alinear system, if the input force
is arandom signal with its amplitude probability density function (pdf) being Gaussian,
then the amplitude pdf of the response will also be Gaussian. For a nonlinear system
however, this simple relationship no longer holds and some distortion in the response
amplitude pdf from Gaussian distribution is expected and from this distortion, the
existence of nonlinearity can be identified[19]. The method is developed based on the
Fokker-Planck-Kolmogorov (FPK) equation of a nonlinear system which is described in
detail in[20]. To illustrate the idea, consider an SDOF nonlinear system as
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X + Bx + @(x) = f(t) (1-5)

where f(t) is a Gaussian noise signa. The corresponding Fokker-Planck-Kolmogorov
equation of (1-5) is described as [20]:

S 92 . Jd .. . d . .

—29 EYEY [P ()P, (X)] - 51 [xp ()P (X)) + x [(Bx + e(x))p;(x)p(x)]1 =0 (1-6)
where S is the power spectrum of the input force and p,(x) and p,(x) are the probability
density functions of the displacement and velocity, respectively. Solving (1-6), p,(x) can

be obtained as[20]:

2 X
p.(x) =y expl - %6[ PE)E ] (1-7)

where ¥ is a constant which can be determined by the normalisation condition. From (1-
7), it can be seen that only when ¢(x) is linear does p,(x) have a Gaussian distribution.
On the other hand, p,(x) can be calculated based on the measured time response data and,

therefore, nonlinearity can be easily identified experimentally based on the distortion of
measured p, (x) from the standard Gaussian distribution.

In the research described in this thesis, we will concentrate mainly on the development of
analysis techniques in the frequency domain although time domain techniques such as
phase-plane and Poincaré map approaches will be used in the characterisation of chaotic
vibrational systems.

1.4 MODELLING OF NONLINEAR STRUCTURES

For many engineering applications, accurate mathematical models (spatial models in terms
of mass and tiffness matrices) of nonlinear structures are required. So far, much
progress has been made in the mathematical modelling of linear structures [21]. As
mentioned above, a mathematical model of a linear structure can be established either
using analytical FE analysis (an analytical model) or based on measured dynamic test data
(an experimental model). Due to the existence of modelling errorsin most practical cases,
the analytical model needs to be validated using measured test data so that an accurate
mathematical model can be established. In the case when a structure to be modelled is
nonlinear, its mathematical model becomes a function of response amplitude ([K]=[K(®)]
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for the case of stiffness nonlinearity) and what needs to be established is a series of
linearised models corresponding to different vibration amplitudes by correlating the
analytical model and measured first-order FRF data.

In fact, since structura nonlinearity cannot be foreseen and so cannot generaly be
analytically predicted, measurement is crucialy important in the modelling of
nonlinearity. However, measurement alone cannot, in genera, establish a practicaly
realistic model because measured data are usually very limited (as will be shown, thisis
especialy true for the case of nonlinear structures). It is believed that a reasonably
accurate linear model of a nonlinear structure (corresponding to very low vibration
amplitude) and location information of the localised nonlinearity are necessary in order to
establish the mathematical model of a nonlinear structure.

In the present research, we shall focus on the development of techniques for both the
location and the mathematical modelling of structural nonlinearities. The procedure is as
proposed below. First, an analytical model is updated using vibration test data measured
a very low response amplitude to obtain an accurate linear model of the nonlinear
structure. Then, the nonlinearity is located, based on this linear model and measured data
at higher response amplitudes. With this location information available, modelling of the
nonlinearity can be concentrated on the region where the structural nonlinearity is and
then by correlating the linear model and measured FRF data at different response
amplitudes, a mathematical model of the nonlinear structure can be established.

1.5 PREVIEW OF THE THESIS

Despite rapid developments in the identification of dynamic characteristics of linear
structures in recent decades, structural nonlinearity presents a major difficulty to the
majority of applications to practical cases. The research presented in this thesis is intended
to seek new developments on the identification, location and modelling of structural
nonlinearities in the pursuit of better understanding of the dynamic characteristics of
practical nonlinear structures.

Based on the analysis of measured first-order FRFs, some of the recently-developed
techniques for the identification of nonlinearity are reviewed in Chapter 2 and their
advantages and disadvantages when applied to practical problems are discussed. Then, a
new improved method for the nonlinear modal analysis of complex modesis developed to
cope with the practical situations in which measured modes become complex. The method
has been successfully applied to the data measured from practical nonlinear structures
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even when the modes are considerably complex. On the other hand, for structures whose
nonlinearities are such that the measured first-order FRFs are effectively linear (the
nonlinearity being of nonsymmetrical type), a higher-order frequency response function
analysis becomes necessary for the identification of such nonlinear structures. The
theoretical basis of higher-order FRF analysis is presented in Chapter 3 with specia
attention given to the numerical assessment of the practical applicability the technique.
Both first- and higher-order FRF analysis techniques are largely based on the classical
assumption that the output of a nonlinear structure is periodic if the input is periodic. For
some nonlinear systems however, this assumption is no longer valid (chaotic systems, in
which a periodic input will result in an output of “random” nature) and special techniques
need to be developed in order to identify them. In Chapter 4, for the first time, the hidden
chaotic behaviour of a mechanical backlash system with realistic system parameters has
been reveded and, based on this system, quaitative as well as quantitative ways of
identifying chaotic structures are presented. Both numerical studies and experimental
investigations are carried out and possible engineering applications are discussed.

It is believed that nonlinearity in most engineering structures is usually localised in certain
gpatial coordinates and the ability to locate these has some important engineering
applications. In Chapter 5, nonlinearity location techniques based on the correlation
between an analytical model and measured modal parameters and/or measured frequency
response function data are developed. Numerical studies and experimental investigation
demonstrate the practical applicability of these techniques.

The ultimate target of the analysis of a nonlinear structure is to establish a nonlinear
mathematical model which is a function of response amplitude. It is believed that such a
goa can only be achieved by combining anaytical modelling (FE modelling) and
experimental modal testing techniques. In Chapter 6, a new model updating method is
developed and extended to the mathematical modelling of nonlinear structures based on
the correlation between an analytical model (of alinear system) and measured frequency
response data. As compared with existing methods, the new method shows marked
advantages. The practical applicability of the method is assessed based a specia case
study. In Chapter 7, criteria on minimum data required in order to update an analytical
model are established and the possibilities and limitations of analytical model
improvement are discussed which make it possible for the anayst to judge whether a set
of measured data will be adequate to solve the model updating problem uniquely.

Finally, Chapter 8 reviews all the new devel opments presented in this thesis and indicates
the direction for possible further studies.




CHAPTER |2

IDENTIFICATION OF
NONLINEARITY USING FIRST-
ORDER FREQUENCY RESPONSE FUNCTIONS

2.1 GENERAL INTRODUCTION

As mentioned in Chapter 1, it is believed that al practical engineering structures are
nonlinear to some extent, due to nonlinearities in structura joints, boundary conditions
and material properties. Some structures may be only dightly nonlinear so that they can
be analysed based on a linear theory with satisfactory accuracy. For others whose
nonlinearities are such that their dynamic characteristics deviate considerably from linear
behaviour, nonlinear analysis techniques have to be employed.

As far as analyses of nonlinear systems are considered, there are two types of activity
which are loosely termed here as “theoretica analysis’ and “experimental analysis’. The
theoretical analysis methods assume that a mathematical model of the nonlinear system to
be analysed is known (usualy in the form of differential equations) and what is of interest
is the prediction of the response of the system due to a certain input. In contrast, the
experimental analysis methods seek ways of identifying mathematical models of nonlinear
systems based on measured input/output dynamic characteristics.

Since, in general, nonlinear problems do not possess closed form solutions, both
theoretical and experimental analyses are approximate and the accuracy of each analysis
depends on the mathematical nature of the problem and the specific methods employed.
What is of magjor interest in this thesis is the experimental identification of nonlinear
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structures based on structural modal testing, but since the theoretical analysis provides the
basis for the experimental identification of nonlinear structures, it is necessary to give a
brief introduction to the theoretical analysis of nonlinear systems.

Nonlinear systems with either inherent nonlinear characteristics or nonlinearities
deliberately introduced into the system to improve their dynamic characteristics have
found wide applications in most diverse fields of engineering. The principal task of
nonlinear system analysis is obtain a comprehensive picture, quantitative if possible, but
at least qualitative, of what happens to the system if it is driven into its nonlinear regime.
According to whether the system variables such as vibration displacement in the
mechanical structure are perturbed only dightly or largely from their operating points (for
most nonlinear mechanical structures, the nonlinear effect becomes more severe as the
vibration amplitude increases, but there are some exceptions such as friction
nonlinearity), the nonlinear characteristics can be divided into local or global behaviour.
Loca behaviour can be investigated by rather general and efficient linear methods that are
based on the powerful superposition principle as explained in Chapter 1 because, in this
case, the dynamic characteristics of the system are completely dominated by linear
behaviour. However, if these linear methods are extended to describe the global
behaviour of a nonlinear system, the results can be erroneous both quantitatively and
qualitatively since, in this case, the nonlinear characteristics may be essential but the linear
methods may fail to reveal it. Therefore, there is a strong emphasis on the devel opment of
methods and techniques for the analysis and design of nonlinear systems.

However, it has to be mentioned that the development of nonlinear methods faces real
difficulties for a variety of reasons. There are no universal mathematical methods for the
solution of nonlinear differential equations which are the mathematical models of
nonlinear systems. The methods which exist deal with specific classes of nonlinear
equations and therefore have limited applicability to system anaysis. The classification of
a given system and the choice of an appropriate method of analysisis not at all an easy
task. Furthermore, even in simple nonlinear problems, there are numerous new
phenomena qualitatively different from those expected in linear system behaviour, and it
is impossible to encompass all these phenomena in a single and unique method of
anayss.

Although there is no universal approach to the analysis of nonlinear systems, nonlinear
methods generally fall into one of the three following approaches. (i) the phase-space
topological method, (i) the stability analysis method, or (iii) the approximate method of
nonlinear analysis. These are summarised below.
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(i) The phase-space or, more specificaly, the phase-plane approach has been used for
solving problems in mathematics and engineering at least since Poincaré in 1880's. The
approach gives both local and global behaviour of the nonlinear system and provides an
exact topological account of all possible system motions under various operating
conditions. It is a powerful concept underlying the entire theory of ordinary differential
equations (linear, nonlinear, time-varying and time-invariant). However, it is limited to
the case of second-order equations. For higher-order systems, this approach is very
cumbersome to use.

(i) The stability analysis of nonlinear systems, which is heavily based on the work of
Lyapunov, is a powerful approach to the qualitative analysis of system global behaviour.
By this approach, the global behaviour of the system isinvestigated utilizing a given form
of nonlinear differential equations without explicit knowledge of their solution. Stability
is an inherent feature of awide class of systems such as aerospace structures.

(iif) Approximate methods for solving problems in mathematical physics were first
developed at the beginning of this century. They have been received with much interest
by engineers and have promptly obtained wide application in diverse fields of
engineering. The basic merit of approximate methods lies in their being direct and
efficient and they permit a simple evaluation of the solution for a wide class of problems
arising in the analysis of nonlinear oscillations.

In the theoretical analysis of nonlinear systems whose equations of motion can be
formulated analytically, there are quite a number of approximate methods available to
examine their nonlinear vibration behaviour. According to different input signals,
methods in general can be categorised into deterministic methods, in which the excitation
signals are deterministic such as sinusoids and statistical methods, in which the input
signal is of arandom nature. Statistical analysis methods include the method(s) of random
linearisation [22-23] and the amplitude domain analysis based on the FPK equations [20]
as discussed in Chapter 1. On the other hand, in deterministic analysis, the most
commonly used methods are the Linstedt-Poincaré method [24], the method of multiple
scale [24-26] and the harmonic balance method [27]. What is of particular interest hereis
the harmonic balance method (often called describing function method) because this
harmonic balance analysis provides the mathematical basis for a new nonlinear modal
analysis method developed in this chapter. The harmonic balance method is heavily based
on the Krylov-Bogoliubov approach [28] and is applicable to nonlinear systems described
by higher-order differential equations. The mathematical basis of the method and the
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applicability conditions when it is used to identify the nonlinearities of mechanical
structures will be discussed in detail later in this chapter when the new nonlinear modal
analysis method is introduced. However, it will be appropriate here to introduce the
measurement techniques available in the dynamic characterisation of nonlinear structures
since what is of primary interest is the identification of nonlinear structures from the
actual test data

22 MEASUREMENT OF FIRST-ORDER FREQUENCY RESPONSE
FUNCTIONS

A brief introduction has been made so far of the theoretical analysis of nonlinear systems
based on the known differential equations. However, the primary target which is sought
in this study is the identification of the unknown mathematical models of nonlinear
structures based on measured input/output dynamic characteristics. Therefore, it becomes
necessary before the introduction of any identification techniques to discuss how the
dynamic characteristics of a structure (linear or nonlinear) can be measured.

First of all, it is necessary to explain what is meant by the so-called first-order frequency
response functions of a nonlinear structure. In concept, first-order frequency response
functions (first-order FRFs) are the extension of frequency response functions (FRFs) of
linear systems to nonlinear systems. Similar to the measurement of FRFs of a linear
structure, in the case of sinusoidal excitation (the excitation is a pure sinusoid), the first-
order FRF H, (w) of a nonlinear structure is defined as the spectral ratio of the response
X(0) and the force F(0) at the excitation frequency: H;(®)=X(w)/F(w). During the
estimation of H,(w), al the harmonic components (subharmonics, superharmonics and
combinational resonances) are ignored and only the fundamental frequency component of
the response is retained. Similarly, in the case of random excitation (the excitation is
wide-band random signal), first-order frequency response function is defined as the
spectral ratio of cross-spectrum of the force and response and the auto-spectrum of the
force: H,(0)=S, (0)/S¢() (or its equivaent form H,(0) =S,,(w)/Sg(w)). The measured
first-order FRFs of a nonlinear structure based on sinusoidal and random excitations are
in general different and their relationship will be discussed in Chapter 3.

For linear structures, the first-order frequency response functions (often referred ssimply
as frequency response functions) are unique and, therefore, will not vary according to
different excitation techniques and conditions. For nonlinear structures, however, the
measured first-order frequency response functions are, in general, not unique. They
depend not only on the excitation conditions (input force levels), but also on the different
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excitation signals used to measure them. Therefore, the first problem of nonlinearity
investigation will necessarily be to decide a proper means of excitation so that nonlinearity
can easily be revealed and then identified. There are three types of excitation method
widely used in vibration study practice - sinusoidal, random and transient - and each of
them is discussed below.

221 SINUSOIDAL EXCITATION TECHNIQUE

In testing a linear structure, if the input is a sinusoid, the response will aso be a sinusoid
with the same frequency as that of the excitation and the frequency response function at
this excitation frequency is smply the ratio of the amplitudes (usually complex) between
the response and the input signals. This observation of its specia characteristics naturally
made the sinusoidal excitation to be the first choice of excitation signal at the very
beginning of structural dynamic testing and it still remains one of the most favourable
excitation technigues in today’s modal testing practice because of its uniqueness and
precision, although other techniques such as random, transient etc. have also been
developed.

The main advantages of sinusoidal excitation are: (i) the input force level can be accurately
controlled and hence it becomes possible to excite the structure at specified response
levels required and (ii) since al the input energy is concentrated at one frequency each
time, and the noise and harmonic components in the response signal are averaged out
through an integration process, the signal-to-noise ratio is generally good as compared
with other excitation methods. As in most cases the study of nonlinearity requires either
response or force controls, the characteristics of (i) become important in the successful
identification of structural nonlinearity.

When the response level is set to be constant during the measurement (response amplitude
is constant at different excitation frequencies), a nonlinear structure is said to be linearised
and the measured first-order frequency response functions can be analysed using standard
linear modal analysis methods in exactly the same way as for the frequency response
functions measured on a linear structure. On the other hand, when the input force is kept
constant during the measurement (the amplitude of the input force is constant at different
excitation frequencies), the measured first-order frequency response functions are
nonlinear (they are characteristically different from FRFs measured from linear structures)
and in this case, specia nonlinear modal analysis methods have to be used to analyse
them in order to identify the existing nonlinearity.
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However, it is worth mentioning that in some cases, the accurate control of force or
response can be a problem due to the electro-dynamic characteristics of the shaker. A
feedback control processis required in order to achieve either response or force control as
will be discussed in some detail in Chapter 5.

The main drawback of the sinusoidal excitation techniqueisthat it isrelatively sow when
compared with many of the other techniques used in measurement. The reason for thisis
that the excitation is performed based on frequency by frequency basis and, at each
frequency, time is needed for the transient response components to decay and the system
to settle to its steady-state vibration. However, it is believed that in many applications,
correct measurement of the dynamic characteristics of a structure becomes more important
than the measurement time involved. As will be discussed in chapter 6 on analytical
model updating practice, the accuracy of measured frequency response functions becomes
vitally important for a successful correlation to be achieved.

2.2.2 MEASUREMENT USING RANDOM EXCITATION

The term ‘random’ applies to the amplitudes of the excitation force which, in statistical
terms, have a Gaussian or Gaussian-like probability distribution. Wide-band random
excitation is widely used in structural dynamic testing because it approximates more
closaly the statistical characteristics of vibration service environments than does a pure
sinusoidal excitation.

With this type of excitation, individual time records in the analyser contain data with
random amplitude and phase for each frequency component. On average, however, the
spectrum is flat and continuous, containing energy approximately the same level for every
frequency in the range of interest. The spectrum distribution is easy to control in a
random test, and it can be limited to cover the same range as the analysis.

The excitation is random and continuous in time, but the record length isfinite, and so the
recorded signals (force and response) are, in general, nonperiodic. However, during the
signa analysis, these nonperiodic signals are assumed to be periodic and as a result,
leakage errors occur in the estimation of frequency response functions. These errors can
be minimised by using window functions, or weighting, which act as a soft entry and exit
for the data in each record. A suitable weighting function to use with random data is the
Hanning window.
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In order to eliminate the leakage problem, a pseudo-random excitation signal can be used
instead of a true random signal. The pseudo-random signal is periodic and repeats itself
with every record of analysis. A single time record of a pseudo-random signal resembles
a true random wave form, with a Gaussian-like amplitude distribution. However, the
spectral properties are quite different from those of a random signal because of its
periodicity. First, the periodic nature of the pseudo-random signal removes the leakage
error entirely so that a rectangular window must be used in the analysis and secondly, the
spectrum becomes discrete, only containing energy at the frequencies sampled in the
anayss.

For the FRF measurement of linear systems, random and pseudo-random excitations are
attractive to analysts and researchers because of their potential time-saving in obtaining
frequency response functions. In random and pseudo-random excitation measurement,
the structure is excited simultaneoudly at every frequency within the range of interest. Itis
this wideband excitation characteristic that makes the random and pseudo-random
excitation faster than sinusoidal excitation. As compared with true random excitation, in
addition to the advantage of being leakage error free, pseudo-random excitation is much
faster because as the random source is true noise, it must be averaged for several time
records before an accurate FRF can be determined.

As for nonlinear structures, from the measured first-order frequency response function
point of view, a random test in general linearises nonlinear structures due to the
randomness of the amplitude and phase of the input force signal and the averaging
effects, therefore, the measured first-order frequency response functions using random
test are linear. The theoretical aspects of this linearisation process will be discussed in
Chapter 3. However, the linearisation of a nonlinear structure when using random
excitation does not mean that it is impossible to identify nonlinearity using random
excitation. Corresponding to different input excitation levels (power spectra), the
measured linearised first-order frequency response functions are different and if a set of
these frequency response functions are measured at different excitation levels, the
identification of nonlinearity could, in some cases, become possible. On the other hand,
as will be shown in Chapter 3, this conventional random test technique can be extended to
measure the higher-order frequency response functions of a nonlinear structure and these
provide valuable information concerning the nature of the nonlinearity and can be used to
serve the purpose of nonlinearity identification. Pseudo-random excitation on the other
hand, is in general not suitable for the first-order FRF measurement of nonlinear
structures. This is because a pseudo-random signal is periodic and so contains limited
discrete frequency components. When such a input signal is applied to a nonlinear
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structure, modulation and intermodulation distortion will be generated due to nonlinearity
and, unfortunately, these distortion products (e.g. 2f;, 3f;, . . . due to modulation of input
component f;) will fall exactly on the other frequency components of the input signal
(e.0. 2f},3f;, . ..). So the distortion products add to the output and therefore interfere
with the measurement of frequency response functions [29]. Unlike random excitation, in
which these distortions can be averaged out, pseudo-random is periodic and so the
averaging has no effect on the measured FRF.

Although the first-order frequency response functions measured using random excitation
are different when the input force spectrum levels are different, these differences could be
very small when practical nonlinear structural tests are considered. One reason for thisis
the dropout of the input force spectrum around resonance frequencies due to the
impedance mismatch between the test structure and the electro-dynamic shaker. Since the
energy input around structural resonance(s) is mainly responsible for the vibration level
of a structure, dropout of the input force spectrum around resonance(s) means that the
structure cannot easily be driven into its very nonlinear regime and the measured
frequency response functions corresponding to different input force levels will not, in
general, be very different from one another. With sinusoidal excitation, this impedance
mismatch can be compensated using a feedback control system, but for random
excitation, such compensation seems to be difficult and thisis a practical problem for the
identification of nonlinearity using random test.

2.2.3 MEASUREMENT USING TRANSIENT EXCITATION

One of the most popular excitation techniques used in structural dynamic testing is
transient excitation, sometime referred as ‘impact testing’. This popularity is because
transient excitation has some unique characteristics as compared with shaker-based
excitation techniques. The main advantages of using transient excitation can be
summarised as:

(i) transient excitation does not require a dynamic shaker to generate the input excitation
force; this is usualy produced using an impactor such as a hand-held hammer and
therefore the test structure remains unmodified during the test,

(i) because there is no attachment required in the test, transient excitation provides easier
access to the measurement points of the structure and,

(i) transient excitation requires less equipment (no shaker and its related power amplifier
involved) and measurement time, therefore, it isideal for mobile experiments.
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Asin the case of random excitation, the derivation of input and output relationship under
transient excitation relies on Fourier transform theory and is based on the Duhamel
Convolution Integral. The measured frequency response function depends on estimates of
the auto-spectrum Sy{w) of the force signal and the cross-spectrum S,{®) of the force
and response and it is calculated as H(w)=X(w)/F(0)=S,{®)/S¢(®) (or its equivalent
form H(w)=S,, (®)/S,{w).

An ideal impulse is the delta function 8(t) which, after being Fourier transformed,
produces a force spectrum with equal amplitude at al frequencies. Unfortunately, this
ideal impulse is practicaly impossible to achieve. The waveform which can be produced
by an impact is atransient (short time duration) energy transfer event whose spectrum is
continuous, with a maximum amplitude at zero frequency and amplitude decaying with
increasing frequency. The spectrum shape of the transient signal is mainly determined by
the time duration of the signal. The shorter the time duration of the signal, the broader the
range of energy distribution in the frequency domain. On the other hand, the time
duration of an impact is determined by the mass and stiffness of both the impactor and the
structure. Therefore, by properly choosing the material and of the hammer tip and its
mass, it is possible to generate the required transient signal with desired spectrum
characteristics. However, the spectrum can only be controlled at the upper frequency
limit, which means the technique is not suitable for zoom analysis.

Although it has been suggested that the high crest factor of transient excitation makes it
possible for the nonlinear behaviour of the structure to be provoked and then possibly
identified, there has not been much evidence so far which seems to support the advantage
of using transient excitation to identify structural nonlinearity based on the measured first-
order FRFs. However, a speciad hammer has been designed to measure second-order
FRFs of nonlinear structures[30] as will be discussed in Chapter 3.

2.2.4 COMMENTS AND PRACTICAL CONSIDERATIONS OF
NONLINEARITY MEASUREMENT

As discussed above, there are three main types of excitation technique available for the
vibration testing of a structure. Each of them has its advantages and disadvantages and a
proper choice of excitation technique depends, in general, on the measurement accuracy
required and time available for the test. For linear structures, since the measured
frequency response functions are, in theory, unique and independent of the excitation, all
techniques should be equally applicable. For nonlinear structures, however, the choice of
excitation becomes important for the hidden nonlinearities to be revealed and then
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identified because, in this case, the measured dynamic properties are excitation-
dependent.

Transient excitation is one of the most often used techniques in structural dynamic testing
because of its simplicity and speed in obtaining frequency response functions. It requires
less equipment and is therefore suitable for mobile experiments. Since there is no shaker
involved, the structure remains unmodified during the test. The coherence functions
obtained from transient tests, being an indication of the measurement quality, are usualy
better than those from random tests in the sense that low coherence only occurs at anti-
resonances due to the low signal-to-noise ratio of the response signal while in the random
excitation case, low coherence occurs not only at anti-resonances, but also at resonances
due to the dropout of input force spectrum around resonances caused by the impedance
mismatch between the test structure and shaker. As for the identification of nonlinearity,
athough it is believed that it might be possible to use the transient excitation because of its
high crest factor which provokes the structural nonlinearity, there have not been many
studies carried out to support thisidea.

When random excitation is used, the measured first-order FRFs are aways linear,
whether the structure is linear or not. In the case where the test structure is linear, the
measured FRFs are unique and will not vary according to different excitation levels,
while on the other hand, if the test structure is nonlinear, a series of linearised first-order
FRFs will be obtained corresponding to different excitation levels. These measured first-
order FRFs can be used to detect whether a structure is linear or not by comparing their
values for different excitation levels and in cases where . »nly an ay roximate linear model
of a nonlinear structure is of interest, regardless of thetypeof 1 :nearity the structure
possesses, these linearised FRFs can often provide an accurate 1i:..ar approximation of
the nonlinear structure from aresponse prediction point of view.

On the other hand, the conventional random excitation technigque can be extended to the
case of higher-order frequency response function measurement based on the Wiener
theory of nonlinear systems [7]. As will be shown in the next chapter, higher-order FRFs
can be used in some cases to identify the type of structural nonlinearity and, together with
the measured first-order FRFs, to predict the response due to certain inputs more
accurately than those obtained using the measured first-order FRFs alone.

In the case where accurate quantification of structural nonlinearity is required, e.g. how
the modal and/or spatial model of a nonlinear structure will change for different vibration
response levels, sinusoidal excitation is generally regarded as the best choice because of
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its flexibility of input force levei control. There are two different types of controlled
sinusoidal measurement technique commonly used for testing a nonlinear structure,
referred as the ‘constant response’ and ‘constant force'*fncasurement procedures. In
constant response measurements, the response amplitude of test nonlinear structure at a
certain point is kept constant at different excitation frequencies by adjusting the input
force levels and, as a result, the measured first-order FRFs are linear. However,
corresponding to different response levels, the measured first-order FRFs are different
and by analysing them using linear modal analysis methods, a relationship between modal
model and response levels can be established. The problem here is that the measurement
is extremely time-consuming and therefore expensive. Furthermore, the measured range
of response amplitude, which is important in nonlinearity analysis, could be limited
because of the dramatic changes of receptance amplitude around resonances, especially
when the structure is very lightly damped. In the case of constant force measurements,
the amplitude of the input force is constant at each of the different excitation frequencies.
Due to the varying receptance amplitudes, the response amplitudes are different at
different measurement frequencies and, therefore, the measured first-order FRFs are
nonlinear and contain information of a series of linearised FRFs measured at constant
response amplitudes. Such nonlinear first-order FRFs are used from time to time in
nonlinearity investigations and it will be shown in this chapter that they can be analysed
based on the nonlinear moda analysis method developed to establish the relationship
between the modal model and response levels of a nonlinear structure.

In practical measurements, because of the existence of different types of nonlinearity, care
must be taken in determining the necessary excitation range so that the nonlinearity(ies)
can be exposed to a satisfactory extent. In general, nonlinearities can be categorised into
four different types. For the mgjority of nonlinearities commonly encountered in practice,
either stiffness nonlinearities or damping nonlinearities, increasing the excitation force
level will be smilar to increasing the degree of nonlinearity. Examples of such
nonlinearities are cubic stiffness and quadratic damping. For some nonlinearities such as
backlash, the structure will remain linear until its response exceeds a certain limit. For
frictional damping, on the other hand, increasing the excitation level will decrease the
degree of nonlinearity and for some nonsymmetric nonlinearities such as bilinear and
quadratic stiffness, the nonlinearity will have no effect on the measured first-order FRFs
and in order to identify such specia types of nonlinearity, the introduction of higher-order
FRFs becomes necessary.

Following these observations, it is clearly important to choose properly the response
range and thus the excitation range required so that the nonlinearity can be exposed and

* See Appendiz JU for move delalls
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then identified satisfactorily. For most nonlinear structures in practice, relatively high
excitation levels are recommended. For some others, such as structures with frictional
damping, the situation can be the other way round and in order to identify such
nonlinearities, the excitation levels should be set as low as possible. Lastly, for structures
whose nonlinearities have no effect on the measured first-order FRFs, the measurement
of higher-order FRFs is recommended.

23 RECENT DEVELOPMENTS ON THE IDENTIFICATION OF
NONLINEARITY BASED ON THE FIRST-ORDER
FREQUENCY RESPONSE FUNCTIONS

Once a structure is suspected of being nonlinear and its first-order FRFs are measured as
discussed above, it becomes necessary to take nonlinearity into account in the subsequent
modal analysis of the data. In practical nonlinearity analysis, in order to understand the
nature and extent of nonlinearity, three requirements must be achieved by appropriate
application of modal analysis methods. First, the existence of nonlinearity needs to be
detected. Second, the extent of the nonlinearity needs to be quantified. Finally, physical
characteristics of nonlinearity need to be established.

It is believed that the first requirement (detection) is comparatively easy to achieve. In
fact, smply by comparing the difference between measured frequency response functions
at different excitation levels, the existence of nonlinearity can be discovered. The
quantification of nonlinearity, that is the establishment of the relationship between modal
parameters and response levels based on the measured first-order FRFs, is the main topic
of this chapter and will be discussed in detail. The last objective and the most difficult
task in nonlinear modal analysis is the identification of physical characteristics of
nonlinearity - the relationship between the structural spatial properties (such as stiffness)
and response amplitudes. As will be shown in chapter 6, the establishment of such a
nonlinear spatial model can only be achieved based on the correlation between the
analytical model and vibration test data.

In efforts to achieve these various objectives of nonlinearity analysis, a large number of
papers have been published in recent years. Methods which are commonly used in
practical nonlinear modal analysis are to be reviewed and their advantages and
disadvantages will be discussed.
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2.3.1 DETECTION OF NONLINEARITY BY DIRECTLY
USING FRF DATA

Asfar as nonlinearity detection is concerned, many techniques are available. The simplest
methods are those which are based on the use of raw measured frequency response data
without any post-measurement data processing. Detection techniques of this type are the
Bode plot [1] and the reciprocal receptance plot [2] methods.

The basis of using Bode and or reciprocal receptance plot methods to detect nonlinearity
is that, due to the existence of nonlinearity, the measured first-order FRFs will be
distorted systematically from the corresponding linear frequency response functions.
Since linear FRFs are very well recognised, the existence of nonlinearity can be revealed
by examining the abnormal behaviour of the measured first-order FREs.

To illustrate use of the Bode plot to detect nonlinearity, frequency response functions
measured from a practical Beam/Absorber nonlinear structure are used. As shown in
Fig.2.1, when the excitation force level increases, the distortion in the measured FRF
data a so increases and the apparent resonance frequency (the frequency of maximum
FRF value) drops. The existence of softening stiffness nonlinearity of the structureis
clearly demonstrated.

n
o
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188.808
185.00 Frequency Hz.

Fig. 2.1 - FRF Data Measured from Practical Beam-absorber Structure

As an dternative but more versatile technique, FRF data can be displayed in their
reciprocal form to detect the existence of nonlinearity. The advantage of displaying data in
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this format is that, in the case when the modal constant of the mode te be analysed is
effectively real, this technique can not only detect the existence of nonlinearity, but can
also give an indication as to whether the nonlinearity exists in the stiffness or damping.
Suppose the residual contribution of other modes has been subtracted or can be neglected,
the receptance data around rf mode of the structure can be expressed as:

ik

®2- 02 +in;, 0,2

o (@) = (2-1)

Rewriting equation (2- 1) in its reciprocal form and assume modal constant Ay to be real:

1 (’*)rz'('02 + inr(’)r2

ajk((l)) i I‘AJk IAJk

- R(w) ; i (w) (2-2)

From equation (2-2), it can be seen that if FRF data are expressed in their reciprocal
form, ay, (related to stiffness nonlinearity) and M, (related to damping nonlinearity) can be

identified separately from the real and imaginary parts of the reciprocal FRF.

When FRF data are obtained for linear structures, the relationships of R(0) vs ®? and
I(w) vs @2 are straight lines for the case of hysteretic damping as shown in Fig.2.2. Any
distortion from a straight line gives indication of the existence of nonlinearity. When FRF
data from nonlinear structures are to be analysed, the effect of a stiffness nonlinearity will
show up in the real part of the reciprocal of receptance data while the effect of a damping
nonlinearity will appear only in the imaginary part of the data. To illustrate this point,
FRF data with stiffness and damping nonlinearity measured from simulated analogue
circuits are analysed and the real part (R(0) vs @?) and imaginary part (1(0) vs @?) of the
reciprocd FRF are shown in Figs2.3 & 2.4. In the case of stiffness nonlinearity,
distortion of the reciproca FRF data only appears in the real part, as shown in Fig.2.3.
On the other hand, as shown in Fig.2.4, when damping nonlinearity is considered, its
effect is clearly observed to be confined to the imaginary part of the reciprocal FRF data.
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Fig.2.2 - Real and Imaginary Parts of Linear Reciprocal FRF Data
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IFig.2.3 - Real and Imaginary Parts of Reciprocal FRF Data with Stiffness Nonlinearity
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Fig.2.4 - Rea and Imaginary Parts of Reciprocal FRF Data with Damping Nonlinearity
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So far, it has been demonstrated that both Bode and reciprocal receptance plots can be
used to detect the existence of nonlinearity, and that the latter technique can tell whether
the nonlinearity is of stiffness or damping type in the case where the measured modes are
effectively rea. However, these methods can only be used to provide rough and basic
demonstration of the existence of nonlinearity. It is not possible to quantify the extent of
the nonlinearity based on these methods. In what follows, an alternative method of
nonlinearity detection - the isometric damping plot technique - will also be discussed.

2.3.2 ISOMETRIC DAMPING PLOT TECHNIQUE

It has been established {1] that structural nonlinearity can be detected by inspection of the
isometric damping plots which can be calculated from measured FRF data. The argument
which supports this technique is generally believed to be that structural nonlinearity
(usualy stiffness nonlinearity) distorts the spacing of frequency response data around the
Nyquist ‘circle’ from their positions when no nonlinearity exists. Since the distortion
caused by nonlinearity is systematic, the consequent distortion of the damping estimate
plot using different pairs of points around the Nyquist circle will display a specific pattern
depending on the type of nonlinearity. These patterns in the damping plot can then be
recognised and compared to detect and possibly to identify the nonlinearity. The
mathematical basis of this technique will be discussed next with the new explanation for
the reason why damping estimates vary when different pairs of frequency points are
used.

Again, suppose that the residual effect of other modes can be neglected and that the modal
constant is effectively real for the mode to be analysed, then the receptance o, (w) around
rth mode can be expressed as that of equation (2-1). When o (@) is plotted in the
Nyquist plane, acircle as shown in Fig.2.5 can be obtained. If the data are measured on a
linear structure, then the damping loss factor of rth mode n, can be calculated as follows:
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Fig.2.5 - Nyquist Circle of Receptance Data
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Adding equations (2-3) and (2-4), the damping loss factor n, is given by:
2 _m.2
M, = — e~ Db (2-5)

0 0
©2 (ig 5 +tg>5)

When different combinations of points (w,,®,) are used, aflat plane which is the surface
plot of the estimated damping ratio n,(o,,®,) against its two variables w, and w,, can be
obtained in the case of linear FRF data.

On the other hand, if the measured FRF data are from a nonlinear structure, distortion of
the isometric damping plot (no longer a flat plane) calculated based on equation (2-5) will,
in general, be expected as shown in Fig.2.6 for the data measured from a Beam/Absorber
structure shown in figure 2.1.
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Fig.2.5 - Nyquist Circle of Receptance Data
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Adding equations (2-3) and (2-4), the damping loss factor 1, is given by:
®.2 - 0.2
M, = T o 2-5)
w2 (tg —5— +t85")

When different combinations of points (m,,,) are used, aflat plane which is the surface
plot of the estimated damping ratio m, (o, ,) against its two variables w,, and w,, can be
obtained in the case of linear FRF data

On the other hand, if the measured FRF data are from a nonlinear structure, distortion of
the isometric damping plot (no longer a flat plane) calculated based on equation (2-5) will,
in general, be expected as shown in Fig.2.6 for the data measured from a Beam/Absorber
structure shown in figure 2.1.
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Above Res

Fig.26 - Isometric Damping Plot for Data Measured from Beam-absorber Structure

The reason why this distortion occurs is discussed below. Suppose the FRF data are
measured from a system with stiffness nonlinearity, then the natural frequency o, of rth
mode which is sensitive to nonlinearity becomes a function of response amplitudes
@=0.({) (Where R is the response amplitude of certain coordinate) and since different
frequency points have different response amplitudes for data measured with constant
force, the effective natural frequencies at different data points are therefore, different.
With this in mind, equation (2-3) and (2-4) become:

6, _ IBCI _ IRe(o(@p)l _ @7Ry) - 0 -,
th g T 11 - 2 (2-6)
m(at ()l Ty ©,2(Rp)
6, IDEl _ IRe(ou (@) 02R,)- 0,2 9.7
tg-z— = [AD = = 2 Q ( - )
Im(a(@)l My 0 (%)
The exact damping loss factor m, can be calculated as:
R @,2(Rp) - ©,2(Ry) 2-8)

a

0
02Ry) 1257+ 0 (%) g S

In the case when damping is linear, the calculated damping loss factors based on equation
(2-8) will be constant and therefore, it is not difficult to see that the distortion of the
isometric damping plot obtained based on equation (2-5) is determined by the the
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difference between the estimates of equation (2-5) and (2-8) which, to the first-order
approximation, becomes:

mrz(ﬁb) - mrz(ﬁa)

A'nﬁ = (2'9)

6 6
©02Rp) tg 2+ 0 () tg 3

From equation (2-9), it can be seen clearly that in the case of stiffness nonlinearity, the
distortion of the damping plot calculated based on equation (2-5) is caused by the
different response amplitudes and therefore different natural frequencies of various
frequency points chosen.

The isometric damping plot technique, as has been demonstrated, can be used to detect
the existence of nonlinearity. However, as in the case of nonlinearity detection based on
Bode and Nyquist plot techniques, anything beyond detection in the identification of
nonlinearity will be truly difficult because the method is of a qualitative nature rather than
quantitative, athough it has been suggested that, by comparing the different distortion
patterns of damping plot of commonly encountered nonlinearities, the identification of the
type of nonlinearity may become possible. With a more ambitious objective of
guantifying nonlinearity, the Inverse Receptance method was developed [5]. The method
will be presented next and its limitations when applied to FRF data measured from
practical nonlinear structures will be discussed.

2.3.3 INVERSE RECEPTANCE METHOD

As discussed before, nonlinearities in FRF data will cause distortion of a plot of the
inverse receptance data and such characteristics as plot distortion have been employed for
the detection of the existence of nonlinearity. These inverse receptance data can be further
employed for the purpose of quantifying nonlinearity. In this section, the Inverse
Receptance method [5] is introduced. The limitations of the method for the analysis of
practical nonlinear structures will be discussed and further possible improvements will be
pointed out.

For a nonlinear SDOF system, the natural frequency w,(R) and damping loss factor n(%)
are, in general, response amplitude & dependent. With this in mind, the reciprocal of the
receptance can be expressed as:
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2 w2 2
1 _ o (QA)\ 02 + in(ﬁ) Xn 63) (2-10)
a(w)
where A is the modal constant which is assumed to be real. Separate equation (2-10) into
itsreal and imaginary parts, so that

2
Re( 1/a(0)) = W—'“ﬂ (21 1)
2
Im( 1/a(0)) = M (2-12)

Suppose that the input force signal F(0) is also recorded during the measurement, so that
the response amplitude at each frequency can be easily calculated as:

IR(w)! = IF(w)! lo(ew)l (2-13)

It becomes clear that if the modal constant A can be estimated by some means, then the
relationships of @, (R)vs £ and (&) vs& can be calculated based on equations (2- 11)

and (2-12) as:

®,2(®) = ©2 + A Re(1/o(w)) (2-14)
Im( 1/0(®))

Q) = A—12 2-15

n® 02®) (2-15)

where{ is the response amplitude at frequency ®, and can be cal culated from equation (2-

13). The calculation of the modal constant A in this Inverse Receptance method is based
on atrial-and-error approach and the criterion for the correct estimation of A is based on
the fact in which satisfactory results have been obtained.

Based on this method, FRF data measured from analogue computer circuit with cubic
hardening stiffness nonlinearity have been analysed and the results are shown in Fig.2.7.
The effect of a hardening stiffness nonlinearity is clearly demonstrated.
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Fig.2.7 - Analysis of Stiffness Nonlinearity Using Inverse Receptance Method

However, an assumption that the modal constant of the mode to be analysed should be
rea and constant was made during the development of the Inverse Receptance method.
The validity of this assumption when analysing FRF data measured from practical
nonlinear structures will be discussed later on but, the influence of mode complexity on
the estimation of @, (R) and (&) based on this method will be discussed here. Suppose
the modal constant is complex and can be expressed as A(cos8+isin8), then equations (2-
14) and (2-15) becomes:

0,2(®) = 2 + (Re(1/o(w))A cos® + Im(1/o(w))A SiNe) / cos26 (2-16)

Im(1/o())A - (@,2(R) - @2)sin®
©,%8) cos®

n® = (2-17)

Comparing equations (2-16) and (2-17) with those of (2-14) and (2-15), and bearing in
mind that modal parameter changes due to nonlinearity are usually of second order, a
small degree of complexity could seriously impair the results obtained based on the
Inverse Receptance method just outlined. To illustrate this point, the same FRF data as
those shown in Fig.2.7, but with 10° modal constant complexity artificially added are
analysed using the method and the results are shown in Fig.2.8. In this case, not only is
the damping value seriously in error (it should be constant for data points on either side of
the resonance since the damping islinear), the calculated natural frequencies are incorrect
as well (compare with figure 2.7). This demonstrates the limitation of the Inverse
Receptance method and recommends the necessity of further development so that
nonlinearity can be analysed accurately when measured modes become complex.
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Fig.2.8 - Analysis Results of Complex Mode Using Inverse Receptance Method

2.3.4 COMMENTS ON CURRENT NONLINEAR MODAL
ANALYSIS METHODS

so far, some of the currently available nonlinear modal analysis methods (based on the
extension of linear modal analysis) have been reviewed. Based on the systematically
abnormal behaviour of measured nonlinear FRF data, qualitative methods as discussed
above can be used to detect the existence of nonlinearity. By comparing FRF data
measured at different input force levels, the overlaid Bode plots can be used to check
whether or not the measured data display nonlinearity. On the other hand, when FRF data
are presented in their reciprocal form, the effect of stiffness and damping nonlinearities
can be separated into the real and imaginary parts of the data and, by examining the plots
of both parts, the type of existing nonlinearity (stiffness or damping) can be revealed.
Also, the isometric damping plot technique can be used to detect the existence of
nonlinearity by investigating the variation of damping ratios cal culated using different
pairs of frequency points on the Nyquist circle. The reason for this damping variation in
the case of stiffness nonlinearity, as demonstrated, is due to the different response
amplitudes, and so different effective natural frequencies, of different receptance data
points.

With these methods available, the task of detecting the existence of nonlinearity can be
accomplished reasonably successfully if the structural nonlinearity has some contribution
to the measured first-order FRFs. However, since all these methods are qualitative in
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nature, it is difficult for them to establish the extent of nonlinearity which a structure
POSSesses.

The Inverse Receptance method seeks to quantify nonlinearity by establishing the
relationship between modal parameters and response amplitudes; @,(R) vs (&) and n,(%)
vs (). The method was devel oped based on an assumption that the modal constant of the
mode to be analysed is real and constant. Although valid for FRF data measured from
nonlinear SDOF systems, for those measured on practical nonlinear structures, this
assumption is, in general, no longer valid for following reasons:

(i) measured data may contain mode complexity;
(i) the modal constant of amode s, in theory, afunction of response amplitude.

The effect of mode complexity on the analysis results based on Inverse Receptance
method has been demonstrated and detailed discussions on the existence of genuine
complex modes will be presented later on. Here, only the second point (the modal
constant of a nonlinear system is a function of response amplitude) will be illustrated
based on a 2DOF system with cubic stiffness nonlinearity as shown in Fig.2.9.
Assuming K, is nonlinear and can be expressed as K;=400000(1+B%%)N/m (where % is
the vibration amplitude of mass m; when it vibrates sinusoidally) and solving the
eigenvalue problem of this system, for the first mode, the natural frequency ®,(%) and
modal constant A,; () of a;;(w) can be expressed as:

/
l_> |—>
X1 X2

K, = K3 =400000N/m M, =M, = 1.0000 kg
K,= 400000 (1+B42?)

Fig.2.9 - A 2DOF Nonlinear System
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02®) =2 * BR = 4+ B2 &% 400000

(2-18)
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B2+ 4+ p2g*
4+B2RY BRIV 44 p2g?

Ay® = (219)

From equations(2- 18) and (2-19), it isclear that if cubic stiffnessis introduced as shown
in figure 2.9, both natural frequency and modal constant of mode 1 are functions of
response amplitude. The relationships ,(&) vs £ and A;,(®) vs £ areillustrated in
Fig.2.10 with B=1.0 and nondimensionalised responsef = 0. - 1.0.
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Fig. 2.10 - Natural Freguencies and Modal Constants of a Nonlinear System

As far as the quantification of nonlinearity is concerned, since FRF data measured from

practical nonlinear structures usually contain mode complexity and the modal constant of

the mode to be analysed cannot be assumed to be constant, the analysis results obtained

based on the Inverse Receptance method can be erroneous and sometime misleading.

Therefore, it becomes necessary to develop more redlistic techniques so that the

complexity of the mode and the variation of modal constant can be taken into account and
more accurate modal parameters of nonlinear structures can be obtained.

2.4 COMPLEXITY OF VIBRATION MODES

241 THEORETICAL BASIS

There exist two different types of mode known as real modes and complex modes in
structural vibration analysis. In real mode vibration, individual elements of a system
move exactly in or out of phase with each other while in the case of complex modes,
individual elements vibrate with different phase angles (relative to each other). The reason
for the existence of complex modes is known to be a nonproportiona distribution of the
structure’ s damping. However, the degree of complexity of modes when the damping is
nonproportiona is largely determined by the closeness of the natural frequencies of the



Identification of Nonlinearity Using First-orderFRFs 35

system. In what follows, the necessary and sufficient conditions for the existence of
complex modes, the influence of mode spacing on the complexity of a mode and the
relationship between viscous and hysteretic damping models from mode complexity point
of view, will be discussed.

It iswell known that an undamped linear dynamic system described by
M] {x} + [K] {x} = {0} (2-20)

possesses real modes when [M] is nonsingular and ([M]'![K]) has a full set of
eigenvectors, [31]. Such real modes can be used to find the principal coordinates in
which the equations of motion of the system are decoupled. Suppose [¢] is the mass
normalised modeshape matrix and let {x}=[¢]{p}, then equation (2-20) becomes:

[M] [¢] {p} +[K][¢]{p)} = {0} (2-21)

Pre-multiply equation (2-21) by [(p]T and since [¢]T[M] [¢])=[I] and [¢]T[K] [6)=[A.], then
equation (2-21) can be decoupled in terms of principal coordinates (p) as:

{p} + ['A1{p} = {0} (2-22)

In the presence of damping (assuming viscous damping for the convenience of analysis),
equation (2-20) is modified to become

M] (x} +[C] {x} +[K]{x}= {0} (2-23)

In this case, the criterion for the existence of real modes of the damped system is that the
real modes of the corresponding conservative system (without damping) can be used to
decouple the equations of motion of the damped system. For damped systems, in generd,
the decoupling property is violated and the modes become complex. However, certain
conditions on the form of the damping matrix have been found under which a damped
system can still possess real modes. Such damping condition have been discussed in
detail by Caughey [32-33] who pointed out that the sufficient condition for the existence
of real modes in a damped system is that the damping matrix of the system can be
expressed as.
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N
[C] = 2, B, IM] (IM][K])*! (2-24)

s=I

where N is the dimension of the system. In the case when B;=B,=1 and B,=0 (s=3,N),
equation (2-24) becomes the familiar Rayleigh damping whichis

[C] = B, M] + B,I[K] (2-25)

To prove the sufficiency of equation (2-24), pre-multiply both sides of equation (2-24) by
[6]T and post-multiply by [], then

N
(01T [C] [6] = 21 B (AT = [l (2-26)

From equation (2-26), since the damping matrix is diagonalised by the real modes of the
corresponding conservative system, these real modes are also the real modes of the
damped system. On the other hand, if the corresponding conservative system has no

repeated eigenvalues, then condition described in equation (2-24) is also the necessary
N
condition. To illustrate this point, rewrite z BJLA.J! =[u.] into linear algebraic

s=1

equations in terms of unknowns { B} as:

—1 kl PO llN'l— ( Bl\ ul

1 7\,2 ... )\.ZN-I BZ uZ
X T p = (2-27)

1 )'N ce . }\.N-I_ \. BNJ uN

The coefficient matrix is a Vandermonde matrix [V] whose determinant is given as:

N
det (v) = IT ;- &) (2-28)

i>j>1
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Therefore, if all eigenvalues are distinct, then [V]! exists and the unknown coeffic’ents
{ B} can be uniquely determined.

When the damping matrix of the system does not satisfy the condition set in equation (2-
24), then the damping matrix cannot be diagonalised using the real modes of the
corresponding conservative system and the modes of the damped system will in genera
become complex. Since the extent of departure of a given damping matrix from that of
equation (2-24) (often referred as nonproportionality) determines how complex the modes
of the system will be, the quantification of such departure becomes necessary in order to
study complex modes. Some research work on the quantification of nonproportionality of
a given damping matrix and the complexity of modes has been reported and the
relationship between complexity of modes and nonproportionality of damping matrix has
been investigated [34].

The degree of complexity of a certain mode depends on the closeness of the natural
frequencies of the system. In the case when all the modes of the system are well
separated, even though the damping matrix is nonproportional (localised damping for
example), the modes will not be substantially complex. Theoretically, considerably
complex modes can only occur when modes become close. This effect of mode spacing
on the complexity of modesis to be discussed below based on the perturbation theory.

In order to illustrate the effect of mode spacing on the complexity of modes, a hysteretic
damping model is assumed in the analysis although the relationship between the hysteretic
and viscous damping models will be discussed later. Also, assume that the structural
damping matrix [D] is of second order in its Euclidean norm sense when compared with
the system’s gtiffness matrix [K], then to first order approximation, the rth modeshape of
the damped system {¢}, can be expressed in terms of the modal parameters of the
corresponding conservative system and damping matrix [D] as:

(o 2”’ ””’ 10}, (2-29)

In the case when the ' mode is well isolated, then {cp}',r[D]{(p}S (which is a scalar), will
be of second order compared with (A,-A,) and, therefore, {¢@}, will be effectively real.
However, if there are close modes, say mode r and mode (r+1), then when s=(r+1),
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(6}T[D1{¢},,, will no longer be of second order of (A-A.,;) and (@}, will become
considerably complex.

In the above discussion, both viscous and hysteretic damping models have been used.
The relationship between these two damping models and the complexity of modes need to
be discussed.

In the case of viscous damping, the eigenvalue problem of the system becomes quadratic
as:

(IM] 52 +[C] s + [K]) {x} = (0} (2-30)
While the standard eigenvalue problem isin the form of
([A] A +[B]) {z} ={0} (2-31)

where [A] and [B] can be complex matrices in general. In order to solve the quadratic
eigenvalue problem given in equation (2-30), some mathematical transformations are
required, namely:

CHIM] K] [01] {x}
- = = d}\,-—-—
A LM][O]]’ Bl [[01 ) BT S e

By solving equation (2-31), the eigenvalues and the so-called ‘A-normalised’
eigenvectors (normalised to the system’s generalised mass matrix [A]) of the system can
be obtained.

In the case of hysteretic damping, the eigenvalue problem becomes:
(IM] A+[K] + i[D]) {x} = {0} (2-32)

Compared with equation (2-31), the solution to equation (2-32) is standard and since
[A]l=[M] and [B]=([K] +i[D]) in this case, the eigenvectors for the hysteretic damping
case are therefore mass-normalised (normalised to the mass matrix [M] of the system).

Because of the different normalisation procedures used when the different damping
models are considered, the corresponding eigenvectors are apparently quite different,
even for the case of proportionaly damped systems although, in fact, they differ only by




Identifkation of Nonlinearity Using First-order FRFs 39

a complex scaling factor. These differences in amplitude as well as phase angles of the
corresponding e genvectors often cause confusion to analysts and it is therefore necessary
to establish the relationship between the ‘A-normaised’ and the mass-normalised
gigenvectors. In the case of proportional damping, the corresponding rt* mode
eigenvectors of hysteretically- (normalised to [M]) and viscously-damped (normalised to
[A]) systems can be expressed, in theory, as {y}, = x.{¢}; (where ¥, is a complex
scaling factor). Substitute {y},=x,{¢}; into the ‘A-normalisation’ condition for the rth
mode together with {$}T[M] {¢),=1 and {¢)TICl{¢},=200,C,,

{ (W), }T (€1 M] { (vl }
[ } =1 (2-33)
i(’)r q I'Crz {\V}r [M] [O] i(’)r N I“Crz {W}r

% can be calculated as:

+i

~Ta

€
X =
4\/2(01'( \| l'Crz - Cr)

From equation (2-34), it can be seen that in the case of proportional damping, the rh'A-
normalised” modeshape for the case of viscous damping, {v},, is the corresponding
mass-normalised modeshape (¢}, for the case of hysteretic damping scaled by a factor of

(2-34)

'\/2m,(\/1-C,2 -{,) and a phase rotation of 141 For the case of nonproportional

damping, the relationship between these two damping models has been investigated in
[35].

242 NUMERICAL EXAMPLE OF COMPLEX MODES

As discussed above, when the damping distribution of the structure is nonproportional,
complex modes exist. However, the degree of complexity of a mode is mainly dependent
on the closeness of the structure’ s natural frequencies. In order to illustrate these points, a
numerical case study was carried out.

The system used in the numerical study is the 4DOF mass-spring system shown in
Fig.2.11. The mass matrix [M], stiffness matrix [K] and hysteretic damping matrix [D]
of the system are:
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Kis
K+iH, K, K3 K4 Ks
vy FAMA M AAA = AN\
X L2 C 3 |
Koa
Fig. 2.11 - A 4ADOF Mass-spring System
0.000 1.005 0.000 0.0
[M]=| 0.000 0.000 1.000 0.00 (Kg),
| 0.800 6.000 0.000 ©%
~ 3.00 -1.00 -1.00 0.00
K -1.00 3.25 -1.25 -1.00 103 N/m)
KI=| {00 -125 325 -1.00 |& m
L 0.00 -1.00 -1.00 3.00
- 0.10 0.00 0.00 0.00
0.00 0.00 0.00 0.00
[D] = 0.00 0.00 0.00 |(x103 N/m).
0.00
L 0.00 0.00 0.00 0.00
The calculated eigenvalue matrix ["A.] and eigenvector matrix [¢] are:
1066.2(1.0+i0.03) 0.0000 0.0000 0.0000
. 0.0000 3750.1(1.0+i0.00) 0.0000 0.0000
[A.]= 0.0000 0.0000 4517.3(1.0+i0.01) 0.0000

0.0000 0.0000 0.0000 4650.2( 1 .0+i0.026)
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0.495(-1.8°) 0.006(175%) 0.029(-37°) 0.144(224°)
0.676(0.5°) 0.640(0.0°) 0.712(180%) 0.742(2.0°)
0.387(-0.3%) 0.640( 1 SO") 0.700( 1.0°) 0.668( 176")
0.495( 1.0") 0.474(0.0°) 0.029(-46") 0.143(216")

{g] =

From the eilgenvalue and elgenvector matrices, it can be seen that modes 1 and 2 are quite
well separated and, as a result, their modeshapes are effectively real. While for modes 4
and 3, since they are very close in natural frequency, their modeshapes become quite
complex when the damping is nonproportional, as it is in this case. Physically, complex
modes can be explained as akind of travelling wave which transfers energy from one part
of the structure to another during vibration.

243 COMPLEX MODE FROM MEASUREMENTS

It is believed that for practical structures, most of the damping comes from joints [36].
Therefore, practical structures possess very nonproportional damping distribution and
genuine complex modes exist. To demonstrate this, modal testing of a simple
Beam/Absorber structure as shown in Fig.2.12 was carried out. The structure was found
to be dightly nonlinear, as will be discussed again later on in this Chapter. However,
during the test, the vibration amplitude of the structure was controlled to be constant at
different sinusoidal excitation frequencies and, as a result, the FRF measured is exactly
the FRF of alinear structure. One of the measured point FRFs (response and excitation at
the same point) was analysed and, as shown in Fig.2.13, a mode complexity of about 15"
is clearly demonstrated.

Fig.2.12 - The Beam/Absorber Structure *

* See Appendix III for move delails
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Fig.2.13 - Measured Point FRF with Mode Complexity

25 A NEW METHOD FOR NONLINEAR MODAL ANALYSS OF
COMPLEX MODES

So far, some of the most commonly-used nonlinear modal analysis methods have been
reviewed and their limitations when applied to practically-measured data have been
examined. In what follows, a new analysis method which avoids the aforementioned
limitations will be proposed. The harmonic balance theory, on which the present new
method is based, will be introduced together with its application conditions. In order to
extend the method to MDOF systems, the residual effect (of other modes) on the analysis
accuracy will be examined and the practical applicability of the method will be assessed
by analysing data measured on practical nonlinear structures. Finally, the possibility of
identifying physical characteristics of nonlinearity from analysed response amplitude-
dependent modal data based on the new method, when an MDOF system is considered,
will be discussed.

3.51 HARMONIC BALANCE THEORY

In the analysis of nonlinear systems, the harmonic balance method is frequently used
where sustained oscillations exist. The theoretical basis of the harmonic balance analysis
liesin the equivalent linearisation theory proposed by Krylov and Bogoliubov[28] for
solving certain problems of nonlinear mechanics. To explain the concept of the harmonic
balance method, an SDOF system with nonlinear restoring force F(x, x) driven by a
sinusoidal excitation is considered:

mx+ F(x, x) = F; sinot (2-35)
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To solve the above problem by the harmonic balance approach, it is necessary to make a
basic assumption that the variable x=x(t), appearing in the nonlinear function F(x,x), is
sufficiently close to a sinusoidal oscillation; that is,

x = Asin(t +¢) (2-36)

where the amplitude A, frequency w and phase lag ¢ are constant. Therefore, the
harmonic balance analysis belongs to those approximate methods of solving nonlinear
differential equations which are based upon an assumed solution. As such, it requires that
conditions for the assumed solution exist. Such an assumption is quite realistic since a
nonlinear system may well exhibit periodic oscillations arbitrarily close to a pure
sinusoid. If the variable x in the nonlinear function F(x,x) has the sinusoidal form of (2-
36), then the variable y=F(x,x) is generally complex, but is also a periodic function of
time. As such, it can be developed in aFourier series:

y = No(w,A) + N;(,A) Asin(ot +¢) + i No(w,A) Asin(wt +¢) + harmonics  (2-37)

When only the fundamental component is considered, the first three terms are

2
No=5- | F(Asiny,oAcosy) dy (2-38)
0
2R
Ni=x | F(Asiny,oAcosy) simydy (2-39)
0
2X
N, = EIK F(Asiny,wAcosy) cosydy (2-40)
0

where y = ot + ¢. Coefficients Ny, N;, N, are often referred as describing function
coefficients.

If we consider the case where the nonlinear function F(x,x) is symmetrical about the
origin (although the anaysis is equally applicable for the case of nonsymmetrical
nonlinearities), the constant term N in the Fourier series (2-37) isNg= 0. The quantities
defined in (2-39) and (2-40) are the coefficients of the describing function N=N;+iN,.
To discuss the physical meaning of the describing function N defined above, suppose
F(x,x)=F(x) describes a backlash stiffness nonlinearity, as shown in Fig.2.14. Then, if
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the input x (the response of the system) is a sinusoid, x=&sint, the output y=F(x) will
not be a pure sinusoid (assuming that & is big enough to exceed the system’s linear

regime). Expressing the output signa y in a Fourier series, the fundamental component
y; will be

k,-ky/2 ko-ky/2 k,
kl
M Xo .
k; X X
ky/2 ky/2 k,

Fig.2.14 - Backlash Stiffness Nonlinearity

y; = 9; sinot (2-41)

where 9, is the amplitude of the fundamental component which, according to the Fourier
series theory, can be calculated as:

1 2N
9 = —f F(&siny) sinydy (2-42)
n 0

According to equation (2-39), N, has the form

2%

1 ] A
N, =% F (&siny) sinydy (2-43)
R 0

Therefore, the describing function N=N; is defined as the ratio between the amplitude &
of the input signal x and the amplitude 9, of the fundamental component y, contained in
the output; that is

N, = %l (2—-44)

Compared with the definition of static stiffness, it can be seen that N, can be interpreted
as the equivalent ‘dynamic stiffness’ of the nonlinear stiffness element corresponding to
vibration amplitude &. If the integral on the right hand side of equation (2-43) is
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calculated with the explicit F(x) as shown in figure 2.14, we obtain the describing
function coefficient N,=N,(®) for the backlash stiffness case as:

2
N;=k; - % (k, - k2)[arcsin(2;2) + % 1- %] ;82 xg (2-45)

When the vibration amplitude & is given, the describing function coefficient N;(®) can be

determined. In the case of nonlinear SDOF systems, since the mass property is usualy
linear, the vibration-amplitude dependent natural frequency @, (&) can be calculated from
N®)

o
the above-mentioned system with backlash stiffness nonlinearity (k;=5000N/m,
k,=10000N/m, m=lkg and x¢=0.001m). In fact, the describing function
N(®)=N,(®)+iN,(®) and the identified natural frequency w,(&) and damping coefficient
nQ) satisfy:

the describing function coefficient N,(&) as @ ()= asshownin Fig.2.15 for

N;(®) = 0,20 m (2-46)
Ny = 0,201 m (2-47)

where m is the mass of the system which can be calculated from the identified modal

constant A as m=1/A.

T 7T T y v v 7 T
RLIPONSE APLITEOE (X/X0) NESPOUSL MPLITUDE (R/XD)

1 111
T B & % ¥

TOVIVALENT STIPFRERS (N/W)
WATERM. FRESUENCY (NT)

Fig.2.15 - Equivalent Stiffness and Natural Frequency of an SDOF Backlash System

To see how this harmonic balance theory can be applied to the measurement and analysis
of nonlinear structures, the system shown in Fig.2.16 will be considered. When the
system is excited by asinusoidal force f(t)=Fsinwt, then after the transient dies away, the
response of the system at any coordinate will be very close in its waveform to a sinusoid,
aswill be shown to be especially true when the excitation frequency is close to one of the
resonance frequencies of the system. Therefore, corresponding to this specified excitation
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condition, the equivalent stiffness which the nonlinear stiffness element exhibits can be
calculated based on the harmonic balance theory. If, for example, the force amplitude F is
kept constant as the excitation frequency varies, then corresponding to different
frequencies, the vibration amplitude, and therefore the equivalent stiffness value of the
nonlinear stiffness element, is different. The information on these different stiffness
values is recorded in the measured first-order FRF data and by analysing these measured
FRF data, the nonlinearity can be identified.

f(t) = Fsinet Xy X el Xn

malii ne
My ... _NW—MK.M-I\{(IH ...... A

-
u

- - .
X, - Xy =U sin(t + B)

Fig.2.16 - A Nonlinear MDOF system

It should be noted that such a result is achieved only under the condition that it is not
necessary to include the harmonics and combinational resonances in the response signal.
For this condition to be valid, certain criteria should be satisfied by the linear part of a
nonlinear system as well as the nature of the nonlinearity. These conditions are
summarised here without mathematical proof, which can be found in [27]:

(i) the system to be analysed should have a narrow-band filter property so that the sub-
and super-harmonic components will be heavily attenuated;

(i) ko (kisaninteger and w is the excitation frequency) should not coincide with any of
the natural frequencies of the system; and

(iii) the nonlinear function F(x,x) should have finite partia derivatives with respect to x
and x.

Condition (i) can usualy be satisfied because in the anaysis of structural nonlinear
systems, only the data points around the resonances are of interest and, therefore, the
system acts as a very good narrow-band filter. As for condition (iii), most practically
encountered nonlinearities, even for nonlinearities having relay (discontinuous)
characteristics, have finite partial derivatives. However, condition (ii) is sometimes
difficult to achieve because it depends on how the natural frequencies of the system are
situated along the frequency axis and is thus the major source of anaysis errors.
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2.5.2 DESCRIPTION OF A NEW METHOD

Most practical nonlinearities (in both stiffness and damping elements) are response
amplitude dependent and so if, in measurement, the response amplitudes at different
frequencies are varied, then the effect of nonlinearities on the measured FRF data will be
recorded. The main target of nonlinear modal analysis is to identify the nature of any
nonlinearity by analysing thus-measured FRF data. As discussed, many different
methods have been developed for detecting the existence of structural nonlinearities.
Taking stiffness nonlinearity as an example, the nonlinearity can be exposed by observing
the FRF data measured using different force or response control techniques, or by
analysing the FRF data and examining the isometric damping plot, or by comparing the
measured FRF data with their Hilbert transform pair [4], etc. With the more demanding
objective of quantifying structural nonlinearity, the Inverse Receptance method was
developed. However, the method was devised based on the assumption that the mode to
be analysed should be rea and the modal constant should be rea and constant. As
demonstrated, these assumptions are not usually valid when practical measured data are
concerned. In order to remove these restrictions so that nonlinearities of practical
structures can be anaysed accurately, a new nonlinear modal analysis is introduced
below.

According to harmonic balance theory, in the case of sinusoidal excitation, when a
nonlinear structure vibrates at specific amplitude, there will be specific equivalent
(linearised) stiffness and damping model as far as the first-order FRF is concerned.
Therefore, measured FRF data generally contain information on a series of linear models.
What the new method seeks to do is to calculate the modal parameters of these linear
models together their corresponding response amplitudes so that the relationship between
modal parameters and response amplitude can be established. Owing to the nature of
resonance, it is aways possible to find two frequency points in the measured FRF data -
one on either side of the resonance - which have the same (or very similar) response
amplitude. These two data points constitute a specific linear model corresponding to that
specific response amplitude in the sense that al the moda parameters necessary to
determine that linear(ised) model can be calculated just using these two receptance data
points. The thus determined modal parameters are associated with that specific response
level. Therefore, if there are many point pairs of different response amplitudes available
around that resonance, a relationship between moda parameters of the mode and
response amplitudes can be established.
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Suppose o(w;) and a(w,, are known to correspond to a certain specific response level,
one on either side of the resonance, then the following two mathematical equations can be
established (assume the residual effect is negligible or has been removed at the moment
and its influence on analysis accuracy will be discussed later)

A, +iB
(@) = (2-48)
W, -+ m,o,
A, + 1B
a(@,) = e (2-49)

mrz - (.022 + iT]r(’)r2

Because equations (2-48) and (2-49) are complex algebraic equations, the four modal
parameters ,, N,, A, and B, can be determined. These parameters represent the linear
model which corresponds to the chosen response amplitude. By examining different point
pairs similar to a(w;) and ow,), the characteristics w,(8), N,(R), A, (&) and B,(R) of the
original nonlinear structure against vibration amplitude & can be revealed.

2.5.3 APPLICATION OF THE NEW METHOD TO THE ANALYSIS OF
NONLINEAR SYSTEMS SIMULATED
USING ANALOGUE CIRCUITS

The above method has been applied to severa systems with various types of nonlinear
stiffness or damping in order to assess fully the feasibility of the method. As an
dternative means of solving nonlinear differential equations numericaly, analogue
circuits have been constructed to simulate nonlinear SDOF systems. Analogue computer
FRF data with cubic stiffness and frictional damping as well as FRF data measured from
the ETH/CIRP box (an electrical analogue computer device built to simulate nonlinearity)
are employed and analysed.

For the case of a cubic stiffness nonlinearity, receptance FRF data with constant force
input together with the calculated isometric damping plot are shown in Fig.2.17. From
figure 2.17, the jump phenomenon which is typical of stiffness nonlinearity is clearly
demonstrated and the isometric damping plot shows a well-defined surface distortion
pattern. It can be seen that the nonlinearity is clearly indicated both from the receptance
data plot and the damping plot. In practice, however, what is required is the quantification
of the nonlinearity and not just its detection. By using this new method, the system’s
properties in terms of modal parameters versus response amplitude have been obtained as
shown in Fig.2.18, from which it can be concluded that the damping is linear since the
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damping coefficient does not change with response amplitude, while the stiffness is
nonlinear and the degree of nonlinearity is quantified in the natural frequency versus
response amplitude plot.

Inertance (Log dB.)
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Fig.2.17 - FRF and Damping Plot of Analogue Computer Data
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Fig.2.18 - Modal Parameters versus Vibration Amplitude

When the method is applied to the study of damping nonlinearity, the results are as
encouraging as those for stiffness nonlinearity. As shown in Fig.2.19, the existence of
dry friction damping can be suspected from the characteristic oval-shaped Nyquist plot
and the distorted damping plot. Asin the stiffness nonlinearity case, frequency response
data measured from an analogue computer circuit with simulated frictional damping are
analysed using this new method and the results shown in Fig.2.20. The damping
coefficient decreases as response amplitude increases, which indicates damping of dry

friction nature.
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Fig.2.19 - Nyquist and Damping Plot of FRF Data with Frictional Damping
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The ETH/CIRP box contains three circuits of unknown nonlinear SDOF systems and its
purpose is to see whether these unknown nonlinear systems can be identified. The FRF
data measured from one of the systems and the cal culated damping plot are shown in
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Fig.2.21. From these results, the existence of a stiffness nonlinearity is expected. By
analysing the FRF data using the new method, the curves of natural frequency and
damping coefficient vs response amplitude can be established as shown in Fig.2.22. As
compared with the numerical calculation results of figure 2.15, it can be concluded that
the system possesses backlash stiffness nonlinearity.
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As mentioned before, the new method is intended for cases in which measured mode is
complex. The existence of mode complexity will not influence the analysis accuracy. To
demonstrate this, 45" of mode complexity is added artificialy to the FRF data shown in
figure 2.17 and the data are analysed using the new method. The analysis results shown
in Fig.2.23 are the same as those of figure 2.18 except that the complexity of the mode is
45" instead of 0°,
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It also needs to be mentioned that although the phase angle of a mode is a measure of a
linear system’s complexity, linear modal analysis of the data from a nonlinear system can
produce an erroneous phase angle which could be misinterpreted as complex mode. This
isillustrated in Fig.2.24 where the estimated phase angle using the classical circle-fit is
29" while the true phase angle is 0°.
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254 EXTENSION OF THE METHOD TO NONLINEAR
MDOF SYSTEMS

In order to assess the applicability of the above method to MDOF systems, constant force
FRFs of 2DOF systems with cubic stiffness nonlinearity have been analytically generated
with (a) only one mode (the second mode is made linear by controlling the input force to
be very low) and (b) both modes are nonlinear respectively. In this case, in order to
anayse the mode accurately, the residual must be subtracted. The removal of the residual
can be accomplished by the method called SIM [37] which analyses the neighbouring
modes first and then subtracts the influence of these analysed modes from the one to be
analysed. For the case of only one nonlinear mode, the residual can be removed almost
completely as shown in Fig.2.25 in which the Nyquist circle passes through the origin
(the Nyquist circle looks the same as those of SDOF systems). After the residual has been
removed, the mode can be analysed accurately and the analysis results are shown in
Fig.2.26. For the case of both modes being nonlinear, however, it becomes very difficult
to remove the residual completely as shown in Fig.2.27 for the case of the first mode (the
circle does not pass through the origin, the data points are not exactly on the circle and are
not symmetrical with the imaginary axis) and therefore, the analysis results obtained
could be in error. The main difficulty of removing the residual in thiscaseliesin the
wrong estimation of the phase angle of the neighbouring mode obtained by the linear
modal analysis. This difficulty can be overcome in practical analysis by linearising the
neighbouring modes in the measurement (by controlling the response amplitude) so that
their modal parameters can be accurately estimated based on linear moda analysis
method(s) and the residual can therefore be correctly subtracted.
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Although some measurement and analysis techniques can be employed to remove the
residual effect, as mentioned above, when a structure is nonlinear, it is not possible for
the data to be analysed to become completely residual free because in this case the residual
isafunction of response amplitude. Therefore, it is very important for a nonlinear modal
analysis method based on the SDOF assumption to obtain satisfactory results even when
asmall amount of residual exists and it is necessary to undertake aresidual analysis. For
convenience, an assumption is made that the residual for the mode to be analysed isa
complex constant (in fact, thisis quite accurate for the case of separated modes). The

mathematical expressions of the modal parameters obtained based on the proposed
method are asfollows:

02= Ra- R) (Ryo;2 -Ry@2) + (Ip - 1) (Lo,?2 - I;0,2)

2.
T (Rz-RI)z + (12-11)2 ( 50)
_ _(Ip- 1) (Ry@? - Ry 2) + (Ry - Ry) (w2 - 1;042) (251)
i ©,2[(Ry-Ry)? + (I,-1))2]
((1)22 - 0)12)[(R2 - R])(R2R1 - 1211) + (12 - Il)(R112+ RZII)]

A = 2-52
r (Ry - R)Z+ (1, - 1))2 (2-52)
_ ((D22 - 0.)12)[(R2 - Rl)(Ile - RZII) + (l, - Il)(R2R1 - 1211)] i
B, = (Ry-Rp)2 + (I,-1))2 (2-53)

Where o,, n,, A, and B, are the natural frequency, damping coefficient, real and
imaginary parts of the modal constant respectively while w,, ,, R}, R,, I, and I, are the
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frequencies, real parts of the receptances and imaginary parts of the receptances of the
two points at either side of the resonance chosen.

Because of the similarity of these equations, equation (2-50) can be regarded as their
representative for the residual analysis. For convenience, suppose that the receptances of
the two points chosen satisfy: R;=-R,=R>0, I;=I,=I<0 (this is the case for a rea mode
with constant force input) and the complex constant for the residual is AR-+AI Then the
percentage error for the estimation of ®,2 based on equation (2-50) is:

Aw? (0,2 - ®;2)[AR(R, -R;) + AI(I, - 1})] 254
O)rz (R2 - Rl)(R2m22 - R1w12) + (12 - Il)(12m22 - 110.)12)
(0,2 + w2 Aw 2
If we denote —=———) = 32, then —L—becomes:
(0)22 - (012) 0‘)1'2
Aw?2 AR
AL 2-55
o2 Rp? (2:59)

From equation (2-55), it can be seen that the percentage error for the estimation of w2 is
proportional to the real residua ratio AR/R and the imaginary part of the residual has no
effect on the estimate. Although this is true only for the case of natural frequency
estimate, the percentage errors for estimation of the other parameters n,, A, and B, are
more or less at the same level of IAR/RI + IAI/II. Also, from equation (2-55), it can be
seen that the accuracy of the estimation of ®,2 can be improved if the frequency difference
between the two selected points (Aw=w,-w,) is small so that B becomes large. Therefore,
when the mode to be analysed is influenced by other modes, some measures can be taken
at both measurement and analysis stages in order to obtain satisfactory results. At the
measurement stage, (i) it is possible to linearise the neighbouring modes so that they can
be analysed accurately using linear modal analysis method(s) and (ii) the response levels
can be controlled so that it is possible to obtain enough points just around the resonance
and so the values of R, | and B can be increased (in fact, it is possible to quantify
structural nonlinearity by analysing FRF data measured at different response amplitudes
at only two frequency points around resonance). At the analysis stage, on the other hand,
the SIM method can be used to subtract the residual until it is at its minimum level.

To see how residual effects influence the analysis results, analogue computer FRF data
representing dry friction damping nonlinearity and with a 1% artificially-added residual
(here 1% residual means that the complex constant of the residual is
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(AR+HAI)=(A +iB,)(cos45°+isin45°)/100m,w,2 where (A +iB,) is the modal constant of
the mode to be analysed) were analysed using this proposed nonlinear modal analysis
method and the results are shown in Fig.2.28. As compared with figure 2.20, the
analysis results obtained are very similar indeed.
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2.5.5 APPLICATION OF THE METHOD TO PRACTICAL
NONLINEAR STRUCTURES

The proposed new method has so far been successfully applied to the analysis of FRF
data measured from nonlinear analogue circuits and analytically-generated FRF data for
nonlinear MDOF systems. The assessment of residua effects on analysis accuracy has
also been carried out. The method is now applied to the analysis of practical nonlinear
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structures. First-order FRF data measured from three different practical structures
(Beam/Absorber, Frame and NASTRAN Tower structures) are to be analysed.

The Beam/Absorber structure as shown in Fig.2.12 was designed for the experimental
Investigation of dynamic absorber systems. Some typical measured FRF datawith
constant force input are illustrated in Fig.2.29. In addition to the shift of resonance
frequency which indicates the existence of a stiffness nonlinearity, the mode to be
analysed is markedly complex (about 15° phase rotation of the Nyquist circle). One of the
FRF curves shown in figure 2.29 was analysed using the proposed method and the
results are shown in Fig.2.30. From the natural frequency vs response amplitude curve,

it can be deduced that the structure probably possesses softening backlash stiffness
nonlinearity which is physically due to the fact that, when the response amplitude
Increases, the supports at both ends of the beam (see fig.2.12) go from micro-dip

(stiffnessK,) to dip (stiffness K,, K;>K,) which reduces the system’s stiffness and so

the natural frequencies.
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The Frame structure, as shown in figure 2.31, is an artificialy-nonlinear structure which
was designed for the purpose of the nonlinearity location study in Chapter 5. Typical
measured FRF data with constant force input are shown in Fig.2.32, and from these, it
can be determined that the structure exhibits both stiffness and damping types of
nonlinearity. One of the FRF plots was analysed and the results are shown in Fig.2.33.
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Fig.2.31- Artificially-Nonlinear Frame Structure
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A practical structure known as the “ NASTRAN Tower” was aso investigated. The
structure was known to possess certain type(s) of stiffness nonlinearity [38] although the
exact nature of the nonlinearity is still unknown. In the measurement, neither force nor
response control was used. The measured data and the analysis results are shown in
Fig.2.34 from which, it can be seen that the structure possesses a softening stiffness
nonlinearity, probably a softening type of backlash stiffness since the structure remains
linear within certain response range and then loses stiffness as response level increases.
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Although one can deduce the type of nonlinearity in some cases by examining the (&)
vs (&) and n,(R) vs (®) relationships, as will be discussed next, the exact identification of
the type of nonlinearity, will be difficult when most practical structures are considered.

2.5.6 IDENTIFICATION OF NONLINEAR PHYSICAL
CHARACTERISTICS

Structural nonlinearities can now be analysed using the proposed method and
relationships between modal parameters and response amplitudes can be established. The
guantification of nonlinearity in modal space has thus been accomplished. When
nonlinear SDOF systems are considered, according to harmonic balance theory, the
describing function coefficients (linearised equivalent stiffness or damping) can be
directly calculated from the identified modal data. For example, a nonlinear SDOF
system’s linearised equivalent stiffness (describing function coefficient) N, (&) can be
calculated from the identified w,(8) asN; (8)=w,2(®)m (m is the mass of the system
which can be caculated from the identified modal constant). Although there exists another
step from N;(R) to the system’s true stiffness K(x) (the physical characteristics of the
nonlinearity), by comparing with known types of nonlinearity, K(x) can be conclusively
identified in most cases from the calculated N;R).

For nonlinear MDOF systems, however, the identification of N,(®) and thus of K(x) is
not so straightforward. Considering an MDOF system with localised stiffness
nonlinearity as shown in Fig.2.16, and supposing the rth mode (which is sensitive to the
thus introduced localised nonlinearity) is analysed and the relationship between the natural
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frequency and response amplitude at certain reference coordinate is established, the
describing function coefficient N () of the nonlinear stiffness element cannot be
calculated from these analysis results alone. Therefore, an identification of K(x) which is
based on N, (&) will not be possible. If, on the other hand, the analysed modal data are
interpreted as being from an SDOF system when identifying N;(&), then misleading
results can be obtained because in this case the changes of measured modal parameters
depend not only on the stiffness (or damping) changes due to nonlinearity, but also on the
modification sensitivity where the nonlinear elements are located. Take the identified
natura frequency as an example. The natura frequency change of a certain mode can be
mathematically described by

on(®)
oN;(})

Ao®) = AN;(®) = SR) AN;(®) (2-56)

Since S(R) is unknown in the identification process and is a function of response
amplitude (R), except in the case of SDOF systems in which, S(R) is known to be the
identified modal constant I/m, AN,(&) cannot be calculated from the identified Aw(R)

and, as aresult, the identification of K(x) isout of the question.

In fact, as will be discussed later on, in order to identify the describing function
coefficients and thus the physical characteristics of nonlinear element(s) of a practical
nonlinear structure, the nonlinearities have to be located first and then the linearised
equivalent stiffness matrix [K(s)] can be established by correlating the analytica model
and measured dynamic testing data.

2.6 CONCLUSIONS

Once a structure is nonlinear, modal parameters obtained from the analysis of measured
FRF data will, in general, be erroneous. In this case, a nonlinear modal analysis is
required so that the structural nonlinearity can be taken into account. There are three main
problems to be solved for a successful modal analysis of a nonlinear structure and they
are: (i) detecting the existence; (ii) quantifying the extent and (iii) identifying the physical
characteristics of the nonlinearity.

Commonly-used methods for the modal analysis of nonlinearity have been reviewed in
this chapter. Bode plot and reciprocal receptance plot techniques detect nonlinearity by
presenting measured FRF data in specific formats and then examining the systematic
distortion(s) caused by the existence of structural nonlinearity. The isometric damping
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plot method achieves its nonlinearity detection by calculating the damping matrix based on
linear modal analysis theory and then examining the distortion of the damping plot due to
the variation in response amplitude and so in the effective natural frequency differences of
data points around Nyquist circle. These methods are convenient for the nonlinearity
detection stage but not so applicable for nonlinearity quantification and identification.
With a more ambitious objective of nonlinearity quantification, the Inverse Receptance
method as discussed was developed by analysing stiffness and damping nonlinearity
separately based on the real and imaginary parts of the inverse receptance data. However,
as demonstrated in some detail in this Chapter, some assumptions have been made during
the development of the method which are, in general, not valid for data measured on
practical structures with nonlinearity and so the method is limited in terms of its practical
applications.

The theoretical aspects of the existence of complex modes have been discussed. The
necessary and sufficient condition for the existence of complex modes is that the damping
distribution of the system is nonproportional. The effect of natural frequency spacing on
the degree of complexity has been illustrated. Numerical as well as experimental examples
are given.

The harmonic balance theory, which is the mathematical basis of the new nonlinear modal
analysis method proposed in this Chapter, is presented together with its practica
application conditions. The relationship between the analytical analysis of a nonlinear
system based on harmonic balance theory and the experimental measurement of FRF data
of a practical nonlinear structure has been discussed. Based on harmonic balance theory,
a dynamic system having stiffness nonlinearity will take a different equivalent linearised
stiffness values (describing function coefficient N;()) for different response amplitudes,
so that each FRF data point from a measurement with constant force actually relates to a
specific FRF data curve measured with constant response, thereby containing al the
information of the latter curves. Due to this specific characteristic of FRF data from
constant force measurement, thus measured data can be analysed to quantify and identify
the nonlinearity of the test structure if the force level is appropriately chosen.

With a theoretical basis of the harmonic balance analysis, a new method has been
proposed to analyse nonlinearity from measured first-order FRF data. In addition to
deriving an indication of the nonlinearity, the method aims at establishing the
relationships between the modal parameters of interest and response amplitude from the
FRF data measured using sinusoidal excitation. The fina results of the analysis are the
response-amplitude-dependent  eigenvalues A(R) and eigenvectors {$(R)} of nonlinear
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systems. These identified modal data can be used subsequently to derive a linearised
spatial model ([M], [K(R) and C(®) or D(&) matrices) of the structure. Also, it is
necessary to mention that the condition of constant force is not necessary when measuring
the FRF data for the subsequent moda analysis using this new method. In fact,
satisfactory analysis can be carried out as long as the response amplitude varies
sufficiently to expose the nonlinearity and embraces the range of displacements which
must be described by the model.

The method has been extended to the analysis of nonlinear MDOF systems and the effect
of residual on the analysis accuracy has been discussed. By linearising neighbouring
modes at the measurement stage and applying the SIM method at the analysis stage, the
residual of the mode to be analysed can be removed to its minimum level and so accurate
analysis results can be obtained.

Although the quantification of nonlinearity in modal space has been achieved using the
proposed method, identification of the describing function coefficient N(&) and so of the
physical characteristics K(x) and/or C(x) from the identified modal parameters A(R) and
{6(®)}, which will be discussed in later chapters, is by no means straightforward when
MDOF systems are considered. Moreover, it has to be pointed out that, during sinusoidal
excitation measurement, since the DC component of the response signal of a
nonsymmetric nonlinear system has been filtered out, the nonsymmetric nonlinearity has
been made symmetrical and the FRF data measured are the data from an equivaent
symmetric nonlinear system. Due to this symmetrisation, for some nonsymmetric
nonlinear systems, such as bilinear systems, the existing nonlinearity cannot be revealed
from measured first-order FRF data which are effectively linear. Furthermore, except for
the fundamental frequency component, the response of a nonlinear system usually
contains super-, sub- and combinations of harmonics. However, in the first-order FRF
analysis, all these harmonics, which are in some cases as important as the fundamental
component in vibration analysis, are filtered out. Therefore, first-order FRF analysis is
limited in the sense that it reveals the nature of the nonlinearity and in order to identify
nonsymmetric nonlinear systems and take into account these super-, sub- and
combinations of harmonics, higher-order FRF analysis becomes necessary and is to be
introduced in next chapter.




CHAPTER |3

IDENTIFICATION OF
NONLINEARITY USING HIGHER-
ORDER FREQUENCY RESPONSE FUNCTIONS

3.1 INTRODUCTION

The identification of dynamic characteristics of linear structures from measured data is
now well established. In order to characterise a linear system, what is required is the
measurement of its impulse response functions (time-domain) or frequency response
functions (frequency-domain). Unfortunately, as mentioned earlier, most practical
engineering structures are nonlinear and the analysis of a nonlinear system is far more
complicated than that of a linear system. As discussed in some detail in Chapter 2, a new
analysis technique has been developed to identify nonlinear behaviour based on the
analysis of measured classica first-order frequency response functions and has been
found to be quite successful in cases where the effect of structural nonlinearities shows
up in the measured data [39]. However, due to the symmetrisation effect and the
approximate nature of the first-order FRF measurement, for some nonsymmetric
nonlinear systems, the thus measured FRF data are the data from their equivaent
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symmetric counterparts and the harmonic components which are usually present in the
response signal of nonlinear systems are filtered out. This symmetrisation of
nonsymmetrical nonlinearities and the elimination of harmonic components mean that the
first-order frequency response function analysis is not very appropriate for the analysis of
structures with nonsymmetrical nonlinearities. In fact, it will be shown that for some
specific nonlinear systems, such as quadratic and bilinear systems, the analysis technique
is incapable of analysing them at al. From the response prediction point of view,
calculations made using the first-order frequency response functions only can be quite
inaccurate in some cases as described in the application conditions of harmonic balance
analysisin Chapter 2 because, mathematically, this means that only the linear term of the
Taylor expression of a nonlinear function at certain point has been retained. These
limitations of first-order frequency response analysis are illustrated next.

As mentioned, systems with nonsymmetrical nonlinearities such as quadratic and bilinear
systems cannot be identified based on the first-order frequency response function anaysis
because these nonlinearities are such that the measured first-order frequency response
functions based on sinusoidal excitation are effectively linear. Suppose the nonlinearities
are of a stiffness type and their force-displacement relationships are shown in Fig.3.1,
then the equivalent stiffness value corresponding to specific response amplitude can be
calculated based on harmonic balance theory as discussed in Chapter 2. Assume the
vibration to be sinusoidal as x(t)=%sinwt, then the describing function coefficients
(equivalent stiffnesses) Nq(Q) for the case of quadratic stiffness and Ny,(R) for the case of
bilinear stiffness can be calculated as:

1 (% . 2. . ~
Nq(ﬁ) = : (k&sinot + k,&%sin?wt) sinot dot = k (3-1)

1 (" . . 1 (& . . k,+k,
N,® = Efoklﬁsmwt sinot dot + —& k,Rsinwt sinwt dot = 5 (32)
T
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Fig. 3.1 - Force Displacement Relationshins of Quadratic and Bilinear Stiffness ]I

Since both Nq(Q) and Nb(ﬁ), which are the equivalent stiffnesses, are constant
(independent of the response amplitude), the measured first-order frequency response
functions of these systems are linear with equivalent linear constant stiffnesses of k for
the quadratic stiffness case and (k;+k5)/2 for the bilinear stiffness case.

On the other hand, the existence of nonlinear phenomena such as, sub-, super- and
combinational resonances in nature is well known. Nayfeh [24] mentioned that Lefschetz
described a commercia airplane in which propellors induced a subharmonic vibration in
the wing which in turn induced subharmonic vibration in the rudder. The oscillations
were violent enough to cause tragic consequences. Also, reports have been found in the
literature that excessive vibrations were caused by superharmonic excitation and
combinational resonances. In those cases, the analysis of the harmonic components
becomes as important as that of the fundamenta frequency component and the response
predicted using first-order FRF data in such circumstances could be very inaccurate. To
illustrate this point, superharmonic excitation is considered for the case of an SDOF
system with cubic stiffness nonlinearity. When the external excitation frequency is far
from one third of the natural frequency of the system (linear natural frequency, as if the
cubic term were not introduced), the response prediction based on the first-order FRF is
very accurate. When the excitation frequency is close to one third of the natura
frequency, then the structural resonance will be excited by the third harmonic component
generated by the cubic nonlinearity and as a result, the response prediction based on the
first-order FRF in this case becomes very inaccurate. Comparisons of the true responses
and the responses predicted using first-order frequency response function data when the
excitation frequencies are of 4/3 and 1/3 the natural frequency are shown in Fig.3.2.
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All this means that the first-order frequency response function analysisis inadequate and
even sometimes inappropriate for some nonlinear systems and more accurate
representation of their dynamic characteristics becomes necessary. For this purpose,
research work on the higher-order frequency response function analysis has been carried
out and is described in this Chapter.

The mathematical basis of higher-order frequency response function analysis lies in the
Volterra series theory which, as the functional series representation of nonlinear systems
and ‘with its rigorous mathematical base, has been found to be quite effective in the
characterisation of general nonlinear systems. The theory was first introduced into
nonlinear circuit analysisin 1942 by Wiener who later extended the theory [7] and applied
it in ageneral way to anumber of problems. Since Wiener’s early work, many papers
have been published dealing with this subject in system and communication engineering
[40-42]. However, it was not until recently that the theory has been applied to the
identification of nonlinear mechanical structures [8,43,44] and found to be quite useful.
There is some literature available now on the identification of nonlinear mechanical
structures based on the Volterra series theory, such as references [8,43,44,45].
However, most of the studies to date are still at the stage of numerical smulation of
certain nonlinear systems and the difficulties in applying this theory to the identification of
practical nonlinear mechanical structures have not been fully investigated although some
experimental work based on specifically designed nonlinear structure has been carried out
[44]. The research work presented in this Chapter introduces the basic theory of Volterra
series and of their relation to the higher-order frequency response functions and how the
higher-order frequency response functions generalise linear system theory to cover
nonlinear systems. The harmonic probing method for the Volterra kernel measurement
using multi-tone input [46] and correlation technique for the Wiener kernel measurement
using random input [47] are investigated and the relationship between the Volterra and
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Wiener kernels is studied. Possible ways of curve-fitting or surface-fitting the measured
higher-order frequency response functions so that parametric or nonparametric model of
the nonlinear structure can be established are discussed. Considerable attention is given to
the practical assessment of the measurement of higher-order frequency response functions
of redlistic nonlinear mechanical systems, both in the case of sinusoidal and random
inputs, by numerically simulating the measurement processes. The existing difficulties
concerning the successful measurement of higher-order frequency response functions are
discussed and possible ways of improving measurement results are suggested. The
applications of higher-order frequency response function analysis in the identification of
nonlinear mechanical systems are also discussed.

3.2 VOLTERRA SERIES REPRESENTATION OF
NONLINEAR SYSTEMS

A nonlinear function f(x) can in general be represented as a Taylor series at a certain point
(e.g. x=x) and this series approaches f(x) when the variable x is not far from that point.
Similarly, a nonlinear system can in general be characterised by a Volterra series which
converges when the nonlinearity of the system satisfies certain general conditions [6].
Before presenting the theory of Volterra series, it is necessary to examine some of the
basic characteristics of nonlinear systems.

3.2.1 BASIC CHARACTERISTICS OF NONLINEAR SYSTEMS

Since a linear system must satisfy the principle of superposition (as discussed in Chapter
2), asinusoid can be regarded as an eigenfunction of the system. For a sinusoid applied
to a linear system, the system only changes its amplitude and phase angle without
distorting its wave form. A nonlinear system however, is characterised by the transfer of
energy between frequencies. For a sinusoidal input f(t)=Asinwt to the nonlinear system

governed by equation
mX + cx + kx + kx2 + kox? = f(t) (3-3)

the system will generate harmonic frequency components response in addition to the
fundamental frequency component, as shown in Fig.3.3 (the background curve is due to
numerical inaccuracy). If a multi-tone input x(t)=Asinw,t+Bsinw,t is applied (the input
signa has two or more frequency components where A, B can be complex numbers to
accommodate the different phase shifts of these two waveforms), then in addition to the
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fundamental frequencies (w,,w,) and their harmonics (nw,,nw,), there will also be
combinational frequency components(w;+w,, w,-w, etc.) as shown in Fig.3.4. In fact,
for this specific system described by equation (3-3), there will be frequency components
(n;0,+n,0,) present in the response x(t) for al integer values of n, and n,. In order to
establish an input/output model of anonlinear system which can not only predict the
fundamental frequency, but also the harmonics and combinational frequencies as well, the
Volterra series theory of nonlinear systems was developed.
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3.22 THE VOLTERRA SERIES REPRESENTATION

Volterra series have been described as “power series with memory” which express the
output of a nonlinear system in “powers’ of the input. A wide class of nonlinear systems
encountered in engineering can be represented as Volterra series. Given an input f(t), the

output x(t) of atimeinvariant system can, in general be expressed as

oo + oo + oo
0= 2 Jany . | auh@. . n) I fa-1) (3.4
n=1_% — oo

r=1

where the kernels h, (13, . . . . T,) are the Volterra kernels which describe the system. It
should be noted that the first-order kernel h,(t) is the impulse response due to the linear
part of the nonlinear system and the higher-order kernels can thus be viewed as higher-
order impluse responses which serve to characterise the various orders of nonlinearity. In
the special case when the system is linear, all the higher-order kernels except hy(t) are
zero. The Volterra series representation (3-4) of a nonlinear system is homogeneous. In
order to illustrate this, rewrite equation (3-4) as x(t) =x;(t) + Xp() +. .. + x,(t) + . . .
where

+ oo

+ oo
x,(t) = J Jhs(tl,....ts)f(t-‘cl)f(t-tz)...f(t-'ts)d*cldrz...dts (3-5)

-— oo

From (3-5), it is easy to see that when the input changes from f(t) to c.f(t), then the sth

component of the output becomes a®x(t) and the total output x(t) becomes

o0

X(t)= Zasxs(t). This homogeneous property of Volterra series representation has been
s = |

applied to the measurement of Volterra kernels of electrical nonlinear circuits by repeating
the measurements using different input levels of the same signal {48]. Since amost all
physical systems, whether they are linear or nonlinear, are causal (a system is said to be
causal if, for any input, the output at any instant of time does not depend upon the future
input), al the kernels have to satisfy

hy(ty,....1)=0 for any 1,<0 ((s=1,n),n=1, ) (3-6)
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Like a Taylor series representation of a nonlinear function, the Volterra series
representation of a genera nonlinear system is theoretically infinite and, as will be
discussed later, the effort of computing the n*-order kernel increases exponentialy as n
increases so that one has to be satisfied with the first few kernels only (usualy, up to the
third kernel). Fortunately, good approximations can be obtained for most engineering
problems by just considering these first few kernels and this is why this theory has been
widely applied to the characterisation of practical nonlinear systems.

3.3 HIGHER-ORDER FREQUENCY RESPONSE FUNCTIONS

3.3.1 THEORY OF HIGHER-ORDER FREQUENCY
RESPONSE FUNCTIONS

The nth-order Volterra kernel transform or nth-order Volterra transfer function is simply
defined as the n-dimensional Fourier transform of the nth-order Volterra kernel

+ oo + oo

H (®;, @, ..., ®,) = J dr, .. f dt, h (1, ..., T, ) e (@1T G2+ + OTy)

(3-7)
Since the nth-order kernel h,(1,,%5,..., T,) is real, symmetric (the value of h,(1;,T; ,..., Tp)
does not depend on the order of 1,15,...,T,, for example, in the case of second-order
kernel, hy(T,T9)=hy(1,,71)) and causal, its Fourier transform H,(®w;,®,,...,®,) is
symmetric and also possesses complex conjugate symmetry such that

*
Hy(0, g, ..., 0)) = H, (- @, -0y, - @) (3-8)

For a linear system, if the frequency response functions (only the first-order) have been
determined, the output x(t) can be calculated for any form of inputs. The same argument
holds if al the Volterra transfer functions H,(®w;,®,,...,,) have been determined and
since H, (w;,m,,...,m,) are unique (independent of input and output of the system), the
Volterra series representation is mathematicaly very attractive because under this
representation, the identification of a nonlinear system reduces to the measurement of
these unique Volterra kernel transforms. However, it will be shown that due to the
interactions between kernels, these uniquely defined Volterra transfer functions cannot be
uniquely measured in practice and all that can be measured are approximations which, in
general, are input/output dependent.
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The nth-order frequency response function H,(®,;,®,,...,@,) is defined as the measured
nth-order Volterra kernel transform H, (®;,0,,...,0,). The relationship between
H,(®,,0,,...,0,) and H(®;,0,,...,o,) is discussed below. The input-output
relationship of a nonlinear system based on Volterra series representation has been
discussed in detail [46] for different forms of input and only the sinusoidal form of input
is considered here. To make the analysis convenient, it is necessary to introduce the
partial differential operator given as.

an
Dy Em |a1=a2 =.=0,=0 (3-9)

Under this operator, it can be seen that

n

[ af(t -ts)]n
s =1
— (3-10)

Hf(t-t)—D exp[zaf(t-t)]-

r =1

Upon substitution, (3-4) becomes

x(t) = 2 jd‘tl I dt, hy (T), ., T,) Dhexp[ X o f(t-t)]  (3-11)
n=1_% e s =1

After some further mathematical manipulation, (3-11) can be written as:

n

Z o f(t -

N
x(t) = R _;[ dt; _;[ dt, hy (T4, ., 1, ) D 5

(3-12
On the other hand, under the differential operator defined in (3-9), the nth-order Volterra
kernd transform can be rewritten as:

oo oo

+
1
H (@, ®,, ..., ®) = = J dr, . J dt, h, (14, ..., T, ) D H A (0;)

r=|

(3-13)
where
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n
Aw)= D, a,elon (3-14)
s = |

To illustrate the validity of equation (3-13), consider the derivation of Hy(w,,m,). In this
case, n=2 and so0 A,(w) becomes

Ajy@)=0, €1 + 0 €19 (3-15)

and upon substitution,
2
D(21 H Az(wr) = D(Zx [ (a., e-imltl + a,z e'k"ltZ )(a_' e’ia)z‘rl + % e-lﬂ)z’tz)]
r=|

— e-i((ol-:l + WoTy) 4 e—i((.t)l‘tz + 7)) (3-16)

Substituting (3-16) into (3-13) and considering the symmetry property of H,(w;,m,),
equation (3- 13) becomes

4+ o0 4+ oo

Hy(0;, @) = J J hy (T, Tp) €M1 * 97 drydr, (3-17)

-— 00 = 0O

Using this preliminary mathematics, it is now possible to establish an input-output
relationship of a general nonlinear system when the input to the system is in the form of
sinusoid.

When f(t)=Bcosmt, then

n

n

Pouf (1= D og(e® 0% 4 ettt ionys B e ) i o)
s =1

s = |
(3-18)
where A_(w) is given by (3.14). According to the binormial theorem,

n
” n
[ ng‘sf("ts) I B skt

k k
" = "2—”- L ARCENS] A (w) AL(-0) (3-19)
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Substituting (3-19) into (3-12), and using (3-13) for H, (®;,®,,...,00,), gives
o n
B" n! i(2k-not
x(t) = E > E ~Er T k) Heak(@) € (3-20)
n=| k=0

where, Hy ;, (@) denotes the nh-order Volterra kernel transform H,(w;,,,...,,) with
the first k of the w; values equal to (+®) and the remaining (n-k) values equal to (-w).

From (3-20), any frequency component which is present in x(t) due to input f(t)=Bcoswt
can be calculated. For example, the eiN®t component of x(t) is

¢ (N+2m)! (B/2)N+2m)
elNot mz O( + mnr)“ ((N J/r 2)m)! Hy, (@) (3-21)

If the input f(t)=Bcos(mwt+9), then in (3-21), ot should be correspondingly replaced by
(wt+d).

The same type of argument shows that when f(t)=Xcosm;t+Ycosw,t, the eiMw;+Nwy)t
component of x(t) is(N, M 20)

oo -]

(M + N (M+21+N+2k)! (X/2)M+2D(y j2)N+26)
o No 3, (M+D)1TT (NFR)T K Huni N 1(@3 02)

1=0k =0
(3-22)
The four subscripts of H,(®w;,®,,...,®,) mean that n=M+21+N+2k and the first (M+1])
values of w; are equal to (or), the next 1 values equa to (-m;), the next N+k values equal
to (w,) and the last k values equal to (-w,). Similarly, when
F()=Xcosw;t+Y cosm,t+Zcoswst, the eil-0+Mw+Nw3)t frequency component in x(t) is
(L,M &N2=0)

Z 2 Z (L+21+M+2k+N+2j)! (X/2)1+2D (y2)M+2Kk) (7/2)(N+2))
= J = 0

e W A LD (ML K (NH)! ]!

i(Lw; + Mo, + Nog)t
elbn t M2+ RO H | i MakdoNa (@1 @y, @) (2-23)
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From (3-21), the leading terms for the frequency component w are:

3
elotp % H,(0) + 3% H;(0,0,-w) +..] + CC (3-24)

where CC means complex conjugate since the response component must be real.

The leading term for the frequency component (®;+®,) in (3-22) if w; and ®, are
incommensurable (w; and w, are said to be incommensurable if ®;/®, cannot be
expressed as n;/n, where n; and ny are integers), is:

el + )t —sz Hy(0], @) +...... + cc (3-25)

Similarly, the leading term for the frequency component (w,+w,+ws) in (3-23) if ,, ®,
and @z are incommensurable, is:
XYZ

ellor . ap + @)t 5 Hi(w,@,05)+...... +CC (3-26)

On the other hand, nth-order frequency response function H,(w;,®,,...,.), which is
experimentally measurable, is defined as the output component X(w,,,,...,w,) of X(t) at
frequency w=w,+w,+...+w, due to the input x(t)=A;coswt+A,cosm,t+...+A cosw t
(here A; can be complex to accommodate the different phase shifts) divided by the input
Spectra, that is

X(Wy, 0y, ..., ®,)

n
[T

r=1

H. (0, 0,,..., ) = (3-27)

Comparing (3-24), (3-25) and (3-26) with the definition of the higher-order frequency
response function of equation (3-27), it can be seen that the measured nth-order frequency
response function H (®;,w,,...,w,) is the first-order approximation of the nth-order
Volterra kernel transform H (q),,,...,0,). To illustrate this point, take the second-
order frequency response function as an example. If only the leading term is considered
in equation (3-25) and the contribution of other kernels (even-ordered kernels after the
second) at frequency (w;+ ,) can be neglected, then it becomes clear that the measured
second-order frequency response function H,(w,,0,) based on (3-27) will be the same as
the second-order Volterra kernel transform H,(w;,®,). In general, however, there will be
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some contribution from the higher even-ordered Volterra kernels and the estimated
second-order frequency response function is an approximate of the uniquely defined
second-order Volterra kernel transform. The same argument holds for other higher-order
frequency response functions. Based on this observation, the Volterra kernel
h (14,T3,...,T,) and its transform H,(®,w,,...,0,) have direct physica meaning and
interpretation.

It is worth pointing out here that the Volterra kernel transforms H, (®;,0,,...,®,) are
mathematically unique. However, the nth-order frequency response functions
H, (0,,0,,...,0,) are usually input-output dependent like the classical first-order
frequency response function H,(0) measured using a sine wave excitation. Since we are
only able to deal with truncated series, these measured frequency response functions will,
in some cases, give more accurate representation than the equivalent Volterra kernel
transforms, which are by no means measurable.

3.3.2 ANALYTICAL CALCULATION OF FREQUENCY
RESPONSE FUNCTIONS

So far, it has been shown how the output x(t) and input f(t) of a nonlinear system are
related through the system’s frequency response functions (or, more strictly, the Volterra
kernel transforms), and it is appropriate here to investigate what forms and what
characteristics the higher-order frequency response functions of typical nonlinear
mechanical systems possess. There are some different methods for analytically calculating
the frequency response functions of a known nonlinear system and what is discussed
here is the harmonic probing method [46].

Suppose that the input f(t) is

f@) = Z A, ¢ (3-29)

r =1

where the w, values are incommensurable and, for simplicity, let A=1(r=1,n) since the

analytical nth-order FRF, i.e. the nth-order Volterra kernel transform (we define
H, (0,,0,,...,0,) as the analytica n-order FRF), is unique. Substituting into (3-4),
then H,(®;,0,,...,00,) is given [46] by
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i) + @+ e + Ol 4 or in the expression of x(t) }

(3-29)
Based on (3-29), it is possible to compute H;(®), Hy(®w;,®,),... of a nonlinear
mechanical system successively. To illustrate this, first consder an SDOF system given
by

H, (®;,0,,...,00,) = { coefficient of e

mx + cx + kx + kyx% + kx> = f(0) (3-30)

Let f(t) = el® and substitute into (3-4), then

oo n

n =1 =0

N

Z m Hy (@) ik - n) @ PV (3.39)

><o
%
\ad
I
|-

n =1 k=0
oo n
. 1 nl i(2k-
x(t) = z < E K o7 Henk(@) (2 -n)? @ HMO (333
n =1 k=0

The first few terms of x2(t) and x3(t) are

4ot

x2(t) = H (@) e*® + 2 H,(0) Hy(o, ®) " + Hy(o, 0) e (3-34)

B3() = Hy(@) e® + 3 H(0) Hy(o, ®)e“” + 3 H(w) Hi(o, ) ¢°** (3-35)

Substitute (3-31)-(3-35) into (3-30) and set the coefficients of ei®t at both sides to be
equal:

1
2

H,(0) = (3-36)

K -mmw* + icw

The first-order Volterra kernel transform is independent of the nonlinear terms present in
the equation of motion and represents the dynamic characteristics of the linear part of the
nonlinear system.
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Now, let f(t)=ei®it+ei®t and substitute into (3-4), then

(t) = Z Z z Z i(Mo; + Nopt 5- (M+N+2142k) (M+21+N+2k)!
T N=0 M=01=0k = M+ I (N+K)! k!

'HM+1,1;N+k,k(wl ’ 0)2) (3-37)

Differentiate x(t) to get x(t) and x(t) and then substitute into (3-30) in similar way as for
the H, () calculation, and let the coefficients of el@1+©2)t on both sides be equal:

Hy(w;, @,) = - k; Hj(w;) Hi(0,) Hj(w;+0,) (3-38)

From (3-38) it can be seen that H,(w;,w,) has al the poles which H,(w) has and is
proportional to the coefficient of the quadratic nonlinearity term k;.

Similarly, if we let f(t)=ei®1t+ei@tiel®st, then

x(t) = 2 2 Z Z Z z HE 11, 1,Mok J N+, (@1, 02,03)

0L=01=0k=0j=0

Moy + Nap + Loog)t - (N+MLs2142k42)) ___ (LA21+M+2k+N+2j)! (3-39)
L+D!TT (M+K)! KL (N+)! ]!

Upon substituting into (3-30) and letting the coefficients of ei{®1+®2+®3)t on both sides
be equal:

2k
H3(0)1, ®,, 0.)3) = - -:‘;—1 Hl(wl + Wy + (1)3) [ Hl((l)3) Hl((‘ol’ (1)2) + Hl(ﬁ)z) HZ(O‘)I’ (1)3) +

H;(w)) H (w,, @3) ]- ky Hy(0; + 0, + @3) Hy(w;) Hy(w,) Hi(w;) (3-40)

In fact, it has been established in [46] that for a physicaly realisable system specified by
the nonlinear differential equation as

F/do y + 3, any™ = £(1) (3-41)

m=2
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where F(x) is a function of the differential operator d/dt, the nth-order Volterra kernel
transform is given by

n
, Y a, H(w,, 0y, ..., 0,)
= 2
(®], Wy, vy O) = =5 = - 3-42
H(y, @ Yol RGie,tio, ... +iog) (3-42)

where H™ (@, 00, . . . . @) is defined in such away that

H P (0, 0y =2!Hy(w;) Hy(®,)

H P (@,,0,,03) = 21)2 [ H;(@;) Hy(,,03) + H; (@) Ha(0;,03) + Hy(@3)Ha(,07)]
H Ef') (01,0,,03,03) = 3! 21 H{(®,) H3(w;,03,004) + ... (3-43)

It should be noted here that higher nonlinear terms a,,(m>n) have no influence on the
lower-order Volterra kernel transforms Hg(®,0,,...,) (s<n) while the lower nonlinear
terms (m<r) do have an influence on all the higher-order Volterra kernel transforms,
(s2r). Therefore, a system with cubic stiffness nonlinearity does not possess second-
order Volterra kernels while a system with quadratic stiffness nonlinearity has, in general,
al the Volterra kernels. The second- and third-order Volterra kernel transforms of the
SDOF nonlinear system described by equation (3-30) are calculated and are shown in
Figs.3.53.7.
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i9.3.5 - Analytical Second Order Frequency Response Function of an SDOF Nonlinear
System (Modulus Linear Scale, x axisw,: -275 — 275, y axiswy: 0 — 275rad./s)
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Fig.3.6 - Analytical Second Order Frequency Response Function of an SDOF Nonlinear
System (Phase Linear Scale, x axiswy: -275— 275, y axisay: 0 — 275 rad./s)
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1g.3.7 - Analytical Third Order Frequency Response Function of an SDOF Nonlinear System

(Modulus Log. Scale, x axis ay: -275 — 275, y axis y: 0 — 275 rad./s, i3=0,)

Toillustrate the physical interpretation of higher-order frequency response functions, the

second-order frequency response function shown in figure 3.5 is discussed. As shown in

Fig.3.8, the components of the second-order frequency response function near both

frequency axes represent the fundamental frequency components of the response. While

components along both diagonals are the static components (w;=-w,) and second

harmonic components(w,=w,) of the response respectively. All the other components
defined on the o, vs , plane are the combinational frequency components of the

response which, as will be discussed later, are important in cases of nonlinear MDOF

systems because these combinational frequency components can excite the system into its
resonances when they coincide with some of the natural frequencies of the system.




E] Identification of Nonlinearity Using Higher-orderFRFs 84
A2
o
Jo
Q, —_
2 c
76% " &Q\
o,)/é — @ oo@
OO ,'00
& = &
o =
a:
- > S -
(Hz) f] ‘3 Hl @) E Hl (W fl (Hz)

Fig.3.8 - Physical Interpretation of Second-Order FRF

Also, one specia case which has been treated in the literature {49] and is discussed hereis
the square-law system given as.

mz + cz + kz = f({) (3-44)
x(t) = 2X(t) (3-45)

Thisis an idea Volterra system for which al the kernels except the second one are zero
and it is easy to prove that its second-order Volterrakernel transformis

Hy(w;, 0,) = Hy(w;) Hi(®;) (3-46)

where HI(0) is given by (3-36). This second-order frequency response function of the
square-law system is shown in Fig.3.9. Because of its purely quadratic nature, the
system’ s response is dominated by the second harmonic and static components.
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19.3.9 - Analytical Second Order Frequency Response Function of the Square-law System
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The same argument holds for MDOF nonlinear systems, although the analytical
calculation becomes a bit complicated. To see this, the 3DOF nonlinear system as shown
in Fig.3.10 is considered. The governing differential equations of the motion are given as

%, + 200, + 2kx; - 0%y - kxg + Bx3 = f(t)

(3-47)
%, + 30k, + 3kxy - 0K - OX5 - kx; - kxy + Bx3 = 0 (3-48)
.).(3 + 20.)'(3 + 2kX3 - a).(z - kX2 + BX% =0 (3—49)

f®
K; K,
M FAANA

L

K;

Fig.3.10 - A Three Degrees-of-freedom Nonlinear System
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The first-order Volterra kernel transforms of the system are the frequency response
functions of the linear system (B=0).and here only the second-order Volterra kernel
transforms are going to be calculated. Similarly to the SDOF case, let f(t)=ei®1t+ei®2t,

then

_ S Y R N (M+214+N+2K)! (X/2)M 2 (y/2)N+2k
x(t) = N:ZO MZOIZO ,;0 (M+DI1! (N+K)! K!

i 1
el(M(D] + N(DZ)I Hh+l‘l;N+k'k(m1 , 0)2) (3_37)

where Hﬁi LN+ (@1, @) (1=1,2,3) are the transfer Volterra kernel transforms between

coordinates x; and x,. Substitute x,(t) and its derivatives x(t) and x(t) into (3-47)-(3-49)
and let the coefficients of el@ 1+ on both sides of the equations be equal respectively,
so that the following algebraic equations are obtained:
| (@ ©))? - 200+ 0y) - 2k] Hi(w,, ) + [ia(w+ @y) + K] HY (0, @) =

B Hi(w,) Hl(0) (351
[ @+ 02 - 30+ ) - 3k] (@, 0p) + [ic(o+ @) + k] Hy (@1, 0)) +

[+ wp) + k] HJ (0, o) = B H (0) Hl(w))  (3-52)

[ (01+ @,)? - 20001+ ©;) - 2k] 3 (@4, @p) + [ io(@+ 0,) + K] Hy (@, ) =

B Hy (0)) H(0p) (3-53)

From (3-51)-(3-53), the three unknowns H%(®,,0,) (r=1,2,3) can be calculated. The
analytical second-order point frequency response function Hzl((ol,mz) (excitation and
response are at the same coordinate) is shown in Fig.3.11. In this case, the appearance of
combinational resonances (peaks which do not lie on the two diagonals) is clearly
demonstrated.
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Fig.3.11- Analytica Second Order Frequency Response Function of a 3DOF Nonlinear
System (Modulus Linear Scale, x-axisw,: -275— 275, y-axisw,: @ — 275 rad.fs)

Since the above calculations are based on the definition of (3-29), the calculated
H,(®;,0,....,0,) are of receptance-like frequency response functions. If x(t) is changed
into x(t) in (3-29), then the calculated Volterra kernel transforms are the mobility-like
frequency response functions and it can be easily seen that the receptance-like and
mobility-like Volterra kernel transforms are related by

R, 0, .. .. ) =i + W+ .. .+ ) H(0,, 0y, ..., ©) (3-54)

3.3.3 MEASUREMENT OF HIGHER-ORDER FREQUENCY RESPONSE
FUNCTIONS USING HARMONIC PROBING METHOD

Asin the case of the measurement of frequency response functions of alinear system,
different measurement techniques can be employed to measure the frequency response
functions of a nonlinear system, such as (i) multi-impulse technique [30], (ii) harmonic
probing method [48], (iii) correlation analysis using random input [47] and (iv)
NARMAX time series modelling technique [18] etc.. Among these different methods, the
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harmonic probing method and correlation analysis using random input are the most
commonly referred methods and have been given much discussion in the literature. The
theoretical basis for the measurement of higher-order frequency response functions by the
harmonic probing method has already been presented and what is to be discussed next is
the practical applicability of the method through numerical case study. The theoretical
basis of the correlation technique and the numerically simulated case studies of higher-
order frequency response function (Wiener kernel transform) measurement will be given
later in this Chapter.

As explained earlier, if the input to a nonlinear system is f(t)=A cosmt+...+A cOsWt,
where the frequency components w; (i=1,2,..,n) are incommensurable, then the nth-order
frequency response function H,(®;,00,,...,0,), which is the first-order approximation of
the nth-order Volterra kernd transform H,(©;,0,,...,0,), can be estimated using (3-27).
On the thus- estimated H, (®;,0,,...,0,), with the exception of H, (®;,0,,...,@,) which
is the leading term, al the higher kernel transforms H,5(®1,®,,...,0,,5) (1=1,2,...)
may have a contribution. This, as already pointed out, may make the measured
H, (®;,0,,...,0,) a better representation of the system than the corresponding Volterra
kernd transforms H,(w;,0,,...,,) since we are only able to dea with the truncated
series. Measurement of the first-order frequency response functions of nonlinear systems
has aready been well established [39] and here the measurement of higher-order (mainly
second-order) frequency response functions is discussed. Although the technique can
theoretically be readily extended to the the measurement of higher- (than the second) order
terms, because of the time and effort involved, it is hardly practical to measure beyond the
third and for most practical nonlinear systems, only the lower few terms are in general
required in order to provide accurate representation of the system.

Based on the above-mentioned theory, numerical smulation of the measurement of the
second-order frequency response functions for a square-law system described by (3-34)-
(3-35) and an SDOF nonlinear system given by (3-3) was carried out. For computational
convenience, the input was set to be f(t)=Asinw,t+Bsinw,t where A isreal and equal to
B (in real practical measurements, A and B can be set independently and can be complex
to accommodate the relative phase difference of these two sinusoids). The response of the
system x(t) was calculated using a numerical integration technique and, after the transient
dies away, the signal was sampled and Fourier transformed to find the 2w, 2w,,
(w;+0,) and (w;-0,) frequency components of x(t). Suppose the frequency components
of x(t) a 2m,,2m,, (0;+0,) and (w,-w,) ae Y;, Y,, Y5 and Y, respectively, then
based on (3-27), the following four points of Hy(®;,w,) on w,-w, plane are given by:
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Hy@, 0 =53 (3-55)
Hy@s o) =753 (350
Haw), 0) = A% (357)
Ha@r, - 0) = 2 (359

The measured H,(w,,0,) and H,(w,,w,) lie on the diagonal of w;=w, of w, vs ®,
plane. When w; and w, are varied, the value of Hy(w;,m,) in any desired region on w,
vs @, plane can be obtained. Considering the mathematical symmetry of H,(®;,w,), if
the frequency range of interest is w,-w,, then what needs to be measured is the triangular
region where o,:0,-0, and w,:0.-w, as shown in Fig.3-12.
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Fig.3.12 - Illustration of Measurement Frequency Region Required

In thisway, the second-order frequency response functions of the square-law system and
the SDOF nonlinear system are measured and they are shown in Figs.3.13 and 3.14.
When comparing figure 3.13 with its analytical counterpart figure 3.9, it can be seen that
except for some spurious spikes at both diagonals of w;=w, and w;=-w,, the
measurement results are quite acceptable. The spurious spikes appear because in the
numerical simulation, ®, and w, were chosen to be integers and so the condition that o,
and w, should be incommensurable was violated and for this specific system, it can be
shown that such violation only causes errors when w,=w, and then, H,(®;,0,) is
overestimated by 100%. This problem can be removed by measuring the diagonal
elements of Hy(w,;,0,) at 0,=0, and ®;=-0, using one single sinusoid input and then




EI Identification of Nonlinearity Using Higher-orderFRFs

90

measuring the second harmonic component (on the diagona w;=w,) and the DC
component (on the diagona w,=-w,) of the output. On the other hand, in the case of a
nonlinear SDOF system, the situation becomes somewhat complicated. When comparing
figure 3.14 with itsanalytical counterpart figure 3.5, we see that the measured results are

not very bad except for some small spurious spikes appearing on the plane, again
showing the effects of the violation of the condition that @, and w, must be

incommensurable.
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ig9.3.13 - Measured Second Order FRF of the Square-law System Using Harmonic Probing
Method (Modulus Linear Scale, x-axisw, :-260 — 260, y-axisw,: -260 — 260 rad./s)
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‘19.3.14 - Measured Second Order FRF of the SDOF Nonlinear System Using Harmonic
Probing Method (Modulus Linear Scale, x-axis ay:-260 — 260, y-axis w,: -260 — 260 rad./s)

Of coursg, it is possible to set w; and @, to be incommensurable in the measurement, but
then there may be aleakage problem in the DFT of response x(t) because, in this case, it
is not possible to make all these major frequency componentsw,, @, 20;, 26, ®;+0),,
;-0,,... contained in the x(t) coincide with frequency lines. Some further research is
needed to investigate how cleanly and consistently the second-order frequency response
functions of a nonlinear system can be measured using the harmonic probing method
based on DFT agorithms. However, one possible way of getting around the leakage
problem, which the author suggests here, is to use the correlation technique. If, say, the
frequency component Y3 of x(t) at (w,+ ®,) is of interest, then instead of obtaining Y3
using the DFT (which can sometimes cause serious leakage errors), the correlation
technique can be used by multiplying sin(w;+m,)t + icos(w;+w,)t to x(t) and then
integrating the product with time as:

T

Y; = lim 2 J X(t) [ sin(@; + wy)t + icos(w; + o)t ] dt (3-59)
Toee (0 + Wp) T

Based on this correlation technique, together with the diagona elements of Hy(w,,m,) to
be measured using single sinusoid input, clean and consistent measurement results could
be obtained.
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3.4 CORRELATION ANALYSIS USING RANDOM INPUT

The correlation method for the measurement of frequency response functions using
random input has been widely used in structural modal testing because of its convenience.
In the study of nonlinear structures, as discussed in Chapter 2, first-order frequency
response functions (first-order Wiener kernel transforms) can be measured using random
excitation. Corresponding to different excitation levels (or input power spectra), the thus
measured first-order frequency response functions of a nonlinear system are in genera
different and, therefore, the existence of nonlinearity can be detected by comparing FRF
data measured at different excitation levels. The theoretical aspects of this first-order
frequency response function analysis based on random input are given in refs. [22,50].
Nevertheless, anything beyond the detection in the identification of nonlinear systems by
application of the thus measured first-order frequency response functions is difficult.
However, in addition to the auto- and cross-correlation analysis which is used in the
calculation of first-order FRF, if we can do higher-order correlation anaysis, then as in
the case of the Volterra kernel measurement, there is a systematic way of characterising a
nonlinear system by measuring its higher-order Wiener kernels using random input. The
theory behind this practice is the Wiener series of nonlinear systems.

3.41 THE WIENER SERIES

In the Wiener theory of nonlinear systems, if the input f(t) is a white Gaussian time series
with autocorrelation function Q)ff(T):AS(T), then the output x(t) of a nonlinear system can

be expressed by the orthogonal expression:

X(t) = n;Gn[kﬂ; ft) ] (3-60)

in which {k,(t4,T,,...,%,)} is the set of Wiener kernels of the nonlinear system which,
like the set of Volterra kernels { h,(t,,7,....,T,)}, serve to describe the system and {G,,}

is a complete set of orthogonal functionals. For a linear system, al the higher-order
kernels except k, and k;(1) are zero. Unlike the nth Volterra functional, which is

homogeneous and defined as
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T, [ hy f) 1= J’ dt; .. J dt b, (1. ... 1) [ F(t - ) (3-61)
— oo — oo r=1

the Wiener G-functionals are a set of nonhomogeneous V olterra functionals defined as:

Go [k fO ] =komy + 2 | _[ dt; . j dt; ki) (715 -0

f(t - Ts)
|

s =

(3-62)
where ki =k, is known as the nth-order Wiener kernel and k;,_j(n). - - - . Koy are known
as the derived Wiener kernels of the Wiener G-functional. G,, [ ky; f(t) ] satisfy

Ty [y FOIG, [k;; f()] =0 form<n (3-63)

where the over bar means taking the average of the process. Theoretically, all the derived
Wiener kernelsk, 1), - - - - Kogny Of nth-order can be determined uniquely by the leading
nth-order Wiener kernel k, when (3-63) is satisfied for all integer values of m<n and,
therefore, in the notation G, [k,;f(1)], only the leading term k,, is specified as in the case
of Volterra functional T,[h,; f(t)]. The first few G,[k,; f(t)] of a general nonlinear
system, are given as [6]

Gyl kg f@® ] = kg (ko is a constant) (3-64)
G, [k f(t) 1 = J k(1)) f(t- 1) dy (3-65)

Gy [k f( ] = I sz(Tl,Tz)f(t 1) f(t- 1) drydiy- A sz(‘l'l’ﬁ) dt,

- 00

(3-66)

Gilks; f®] = J J J k(ty, T, ) ft- 1) ft - 1) ft - 1) dry dy du
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4o 4o
-3A J J k(1 1,7 ft - 1y) d1y d1y (3-67)

The relationship between the Volterra kernel h,(T4,%2,...,T,) and the Wiener kernel
k,(T1,Tp,...,T,) is that the system’s n*-order Volterra kernel is equal to the system’s nth-
order Wiener kernel plus the sum of al the (even or odd order) derived Wiener kernels
that are of the nth-order, that is

hn(Tl’TZ 3y Tn) = kn(Tl’TZ LI Tn) + k1'1-2(n)('t1’TZ’""T:n-Z) + o (3'68)

From (3-68), it can be seen that since the derived Wiener kernels are determined uniquely
by their leading Wiener kernel, a given system’'s Volterra kernels can be obtained
uniquely from the system’s Wiener kernels (leading Wiener kernels). Also, it should be
noted from equations (3-66) and (3-67) that as the input level A—0, the derived kernels
approach zero and the leading Wiener kernels approach the Volterra kernels. On the other
hand, it should be pointed out that unlike the Volterra kernels, which are mathematically
unique, the Wiener kernels are input-output dependent and since the Volterra kernels
h,(t4,%2,...,T,) Which uniquely determine the system are uniquely determined by the
Wiener kernels k,(t1,T3,..-,T,), the measured Wiener kernels k,(T,,%3,...,T,) aso
uniquely determine the system.

3.4.2 DETERMINATION OF WIENER KERNELS BY
CROSS-CORRELATION

As in the case of Volterra series representation, under Wiener series representation, the
problem of identifying a nonlinear system becomes one of determining all the Wiener
kernels which describe the system. The orthogonality property of G, and the statistical
properties of Gaussian noise enable the Wiener kernels to be determined using a cross-
correlation technique. The first four kernels are given [47] as

Ko = X(1 3-69)
p 370

ki = A x@ -1 (3-70)
(371)

1
kot 1) = 2 5 [x(0) - kol £(t - 19) (1 -1y)
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k3(11, T2, T3) =§TI—A3 [x(1) - Gylky; FMI] F(t-19) f(t- 1) F(t-13)
(3-72)
Equations (3-69)-(3-72) serve as a basis for the measurement of Wiener kernels. To
illustrate the derivation of these equations, consider the calculation of the second-order

kernel k;(T4,T,). From equation (3-60), x(t)f(t - T{)f(t - T5) becomes

x(Of(t - 1f(t-1) = (3-73)

{ Y Gplke FOIY Ft-1y) f(L-15)
n =20

and since, from the orthogonality relationship of (3-63), the functionals G, for n>2 are
orthogonal to f(1-t;)f(t-12), which is a homogeneous functional of second degree,
therefore equation (3-73) can be rewritten as

x(Of(t - Tf(t -17) = (3-74)

2
{ Zgn [kns FO])} FCE- 1) FE-1y)
n=

For n = 0, the average involving Gy is:

Go kg FM]Ft-1)) F(t-19) = ko F(t-71) f(t-13) = k&1, - 1)) (3-75)

The average for n=l is:

G, [k FOI F-1) ft-1) =

- -]

[ xen fa-opdoylfa-t fa-t)

+ oo

J ki) F(t- 01) F(t-1)f(t- 1) doy = 0 (3-76)
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k3(11, T2, T3) =§TI—A3 [x(1) - Gylky; FMI] F(t-19) F(t- 1) f(t-13)
(3-72)
Equations (3-69)-(3-72) serve as a basis for the measurement of Wiener kernels. To
illustrate the derivation of these equations, consider the calculation of the second-order

kernel ky(T4,T2). From equation (3-60), x(t)f(t - T1)f(t - 1,) becomes

XOFC - f( -1 = & (3-73)
1 2 U Y G ks SO} £ - 7)) £(2 - 1)
n =20

and since, from the orthogonality relationship of (3-63), the functionals G, for n>2 are
orthogonal to f(1-t;)f(t-12), which is a homogeneous functional of second degree,
therefore equation (3-73) can be rewritten as

x(Of(t - Tf(t-1) = (3-74)

2
{ ZOG,, [kns FOO1)} FC-1q) ft-15)
n=

For n = 0, the average involving Gy is:

Go [kos FD] F(t-711) f(t-13) = ko f(t-19) f(t-13) = kod(13-Tp) (3-75)

The average for n=l is:

G, [k FOI F-1) ft-1) =

- -]

[ xon fa-opdoylfa-t faty

+ oo

J ki(6) f(t-op) f(t-1)f(t-1)do; = 0 (3-76)
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since the average of the product of an odd number of zero-mean Gaussian variables is
zero. Finally the averagefor n=2is:

G, ko FO] ft-1)) ft-19) =

+ 00 + oo + oo

[ j J kz(Tl,Tz)f(t 'Tl)f(t '12) dTld'tz -A I kZ(TI’Tl) dtl ]f(t -Gl)f(t '02)

- 00 - 0O

+ 00 4+ 0o

- J J k00 00 T o7 o7 0G5 doydo, -

+ oo

A28(14-1p) J ky(05,6,) do,

oo

+ 00 4+ oo

= J J A? [ 8(0y- 05) 8(1;- T,) + 8(04- T;) B(0,- 1) + 8(0;- T,) 8(0,- 14)]

- oo

+ oo

kz(cl, 0'2) d0'1d0'2 - A2 8(11' Tz) \] k2(02, 0'2) d02 —

- oo

-+ oo <+ oo

A?[3(t;- 1) J ky(61, O1) doy+ Ka(Ty, T+ ko(T, 1) - 8(T)- 1) J ky(0y, Gy) doy]

= 2A% Kky(T1, T,) (3-77)
Combining equations (3-73)-(3-77), equation (3-71) is obtained.

From the process of the above derivation, it can be seen that care must be taken in
applying the Wiener theory to practical problems because it is strictly valid only when the
averages of infinite time series are considered and Gaussian white noise input is assumed.
What can be obtained in practical calculation is an estimate of the true Wiener kernel and
the accuracy of the estimation depends on the length of the averaging time, the
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characteristics of the system Lo be investigated and the closeness of the input signal to the
white Gaussian noise process. These points will be discussed further later on.

If the nth-order Wiener kernel k,(t;,7,,...,T,) has been measured, then its corresponding
nth-order frequency response function H, (®,,w,,...,,) is defined as

H, (0,0, ,..., ;) =K (0;,0,,...,0,) (3-78)

where K, (®;,0,,...,00,) is the nth-order Wiener kernel transform of k,(t,%,,...,T,). AS
discussed, when the input is low (the power spectrum of input A+ 0), the measured
Wiener kernels approach their corresponding Volterra kernels and, therefore, the
measured H,(w;,0, ,...,m,) based on (3-78) approaches the Volterra kernel transform
H,(0,,0,,...,00,).

3.5 MEASUREMENT OF WIENER KERNEL TRANSFORMS

3.5.1 MEASUREMENT OF WIENER KERNELS USING CORRELATION
ANALYSIS WITH RANDOM INPUT

So far, the theoretical basis for Wiener kernel measurement has been introduced and the
possibility of measuring these kernels from practical nonlinear structures now needs to be
assessed. Such an assessment can be carried out by simulating the measurement of
Wiener kernels of realistic nonlinear mechanical systems. The input random signal is a
band-limited Gaussian noise (the effect of non-white Gaussian noise input on the
estimation of Wiener kernels is discussed in [47]) since according to the sampling
theorem [51], the maximum valid frequency ®, (the Nyquist frequency) is limited by the
sampling rate I/At and a true white Gaussian noise signal is therefore impossible to
achieve. The process of generating band-limited Gaussian noise is done by passing the
sampled standard white Gaussian noise data with sampling frequency at I/At through a
band-limited filter to remove the higher frequency components. The numerical realisation
of this process is to interpolate the standard Gaussian noise data by a smoothing function
h(t)=sint/t which, in the frequency domain, is an ideal low-pass filter {51]. The time
history and its power spectrum of one of the input band-limited noise signals with
sampling frequency at 62.5Hz are shown in Fig.3.15.
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Fig.3.15 - Time History and Power Spectrum of a Band-limited Input Signal

Again, asin the case of second-order Volterrakernel transform measurement, the second-

order Wiener kernedl transforms of the square-law system, the SDOF nonlinear system,

the 3DOF nonlinear system and a bilinear system are calculated and are shown in

Figs.3.16-3.19. Also, as atypical example, the second Wiener kernel (time domain) of
the SDOF system isillustrated in Fig.3.20. When comparing the measured frequency
response functions (Wiener kernel transforms) with their corresponding analytical

Volterra kernel transforms (figs.35 3.9 & 3.11), it can be seen that the results are quite
good. For the bilinear system, the measured second-order frequency response function

looks very much like the second-order frequency response functions of the square-law

system. Therefore, for a bilinear system, the quadratic component is quite substantial in

the response x(t). However, it should be pointed out that although the linear contribution

can theoretically be averaged out by including sufficient data points (increasing the
averaging time), this is often difficult to do in practice since the computation resources
required are considerable. During calculation of the second-order Wiener kernels of the
SDOF and the 3DOF nonlinear systems, the linear contributions (the response component
due to the linear part of the nonlinear network) are removed first before the correlation

process takes place because the convergence seems to be very slow in these cases. In

order to calculate second-order Wiener kernels of anonlinear system efficiently, removal

of the linear contribution becomes necessary. A possible way of removing linear

contribution and therefore increasing the computational efficiency is proposed and
discussed next.




@ |dentification of Nonlinearity Using Higher-orderFRFs 99

IH,, )|

%g.3.16 - Measured Second Order FRF of the Square-law System Using Correlation
Analysis (Modulus Linear Scale, x-axis w,: -275 — 275, y-axis w,: -275 — 275 rad./s)

IH (0, o)

Eg.3.17 - Measured Second Order FRF of the SDOF Nonlinear System Using Correlation

Analysis (Modulus Linear Scale, x-axisw,;: -275 — 275, y-axiswy: -275 — 275 rad./s)
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ig.3.18 - Measured Second Order FRF of the 3DOF Nonlinear System Using Correlation
Analysis (ModulusLinear Scale, x-axisw: -275 — 275, y-axisw,: -275 — 275 rad./s)
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ig.3.19 - Measured Second Order FRF of a Bilinear System Using Correlation
Analysis (Modulus Linear Scale, x-axisw,: -275 — 275, y-axiswy: -275 — 275 rad./s)
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Ik, (t, 1) |
==

Fig.3.20 - Measured Second Order Wiener kernel of the SDOF Nonlinear System
(Modulus Linear Scale, x-axis 1;:0— 1, y-axis 15:0 —1s)

3.5.2 REMOVAL OF LINEAR CONTRIBUTION

It has been demonstrated in the numerical case studies that in order to calculate higher-

order (second-order) Wiener kernel transforms of anonlinear system efficiently, removal

of the linear contribution in the response signal x(t) becomes necessary. Thisis dueto the

fact that for nonlinear systems like the SDOF and 3DOF systems in the numerical case

studies the nonlinearities are such that the response component due to the nonlinear terms
(mainly quadratic term in the estimation of second-order Wiener kernels) isusualy of
second order when compared with that of the linear contribution in the response x(t). Asa
result, although the term expressed in equation (3-76) (due to the linear contribution) for

the estimation of second-order Wiener kernel should mathematically go to zero as

averaging time increases, the time required for this to become valid could be very long

indeed and so to improve the calculation efficiency, it is necessary to remove the linear

contribution first, before the correlation process takes place.

It is suggested here that this removal of the linear contribution from the system response
X(t) can be achieved by performing the averaging process in the frequency domain rather
than in the time domain. The whole procedure is discussed next. Suppose the response
component due to the quadratic and higher even terms of nonlinearity x,(t) be expressed
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as x,(H)=x(t)-x,(t)-xq (Where x, is the DC component which is supposed to be removed
and x; is the linear contribution), then, by replacing x(t)-kg with x,(t)=x(t)-x,(t),
equation (3-71) can be rewritten as

1 3-79
ka(T1, T2 - 5a2 [x(t) - x; (O] f(t-1y) f(t-12) =

Instead of taking the time domain average, let the averaging be done in the frequency
domain, Fourier transform both sides of (3-79), then

E 3
K, (0, 0;) = le [ X(w;+ 0;) - X(@,+ ) ] F+(q) F (@)

= 2—/1@ [ X(o+ @) - Kj(o+ o) Xj(w+ @) ] F'(0,) F (o)) (3-80)

With K,(0), which is the calculated first-order frequency response function based on (3-
70), to be available beforehand, K,( ®,, ®,) can be derived based on equation (3-80) and
in thisway, the computational efficiency can be improved.

3.6 IDENTIFICATION OF NONLINEARITY USING HIGHER-ORDER
FREQUENCY RESPONSE FUNCTIONS

So far, the theoretical basis of and measurement techniques for higher-order frequency
response functions have been discussed in some detail and the remaining question which
needs to be answered is. “ what information about the nature of nonlinearity of a system
can be derived from measured higher-order frequency response functions?” First, the
existence of second-order frequency response functions indicates the existence of
nonsymmetric nonlinearity of a system - a task that, for some systems such as qudratic
and bilinear systems as mentioned before, cannot be achieved based on the analysis of
classical first-order frequency response functions. Secondly, as is discussed in some
detail next, parameters of a nonlinear system can aso be identified based on the analysis
of higher-order frequency response functions together with the first-order ones.

In the following discussion, only the analysis of second-order frequency response
functions is presented. Depending on whether the physical parameters or the modal
parameters of the system are of interest, a ‘ state-space analysis method [44] or a'modal-
space analysis method [45] can be devel oped.
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as xo(t)=x(t)-x,(t)-xo (Where xq is the DC component which is supposed to be removed
and x; is the linear contribution), then, by replacing x(t)-kg with x5(t)=x(t)-x4(t),
equation (3-71) can be rewritten as

1 3-79
ka(T1, 7)) - 5a2 [x(t) - x; (O] f(t-1y) f(t-12) &

Instead of taking the time domain average, let the averaging be done in the frequency
domain, Fourier transform both sides of (3-79), then

E 3
K, (0, 0;) = —Al—2 [ X(w;+ @) - X((@+ ) ] F+(q) F ()

x*
= 232 [X@r+ @) - Ky(ort 0 X(@r+ 0 JF @) F (@) (3-60)
With K, (o), which is the calculated first-order frequency response function based on (3-
70), to be available beforehand, K,( w;, ®,) can be derived based on equation (3-80) and
in thisway, the computational efficiency can be improved.

3.6 IDENTIFICATION OF NONLINEARITY USING HIGHER-ORDER
FREQUENCY RESPONSE FUNCTIONS

So far, the theoretical basis of and measurement techniques for higher-order frequency
response functions have been discussed in some detail and the remaining question which
needs to be answered is. “ what information about the nature of nonlinearity of a system
can be derived from measured higher-order frequency response functions?’ Firgt, the
existence of second-order frequency response functions indicates the existence of
nonsymmetric nonlinearity of a system - atask that, for some systems such as qudratic
and bilinear systems as mentioned before, cannot be achieved based on the anaysis of
classical first-order frequency response functions. Secondly, as is discussed in some
detail next, parameters of a nonlinear system can also be identified based on the analysis
of higher-order frequency response functions together with the first-order ones .

In the following discussion, only the analysis of second-order frequency response
functions is presented. Depending on whether the physical parameters or the modal
parameters of the system are of interest, a ‘ state-space analysis method [44] or a'modal-
gpace analysis method [45] can be devel oped.
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In the ‘state-space analysis’, a-priori information about the total number of degrees of
freedom and the physical connectivity of the system to be analysed should be given.
Since, mathematically, measured first- and second-order FRF data are functions of all the
physical parameters (mass, nonlinear stiffness and damping elements), given known
measured first- and second-order FRFs, these parameters can, in theory, be calculated
provided enough data have been measured. The physical parameter identification problem
of a nonlinear system can therefore be formulated mathematically as the solution of the
following linear algebraic equation:

[Al{p} = (b} (3-8 1)

where (p) is the unknown vector of physical parameters, and [A] and {b} are the
coefficient matix and vector formed using the measured first- and second-order
frequency response functions. To illustrate this process, take the nonlinear SDOF system
described by (3-3) as an example. The system mass m, linear stiffness k and damping ¢
can be calculated based on the familiar analysis of the measured first-order FRF H,(w),
while the coefficient of the second-order nonlinear term k; can be obtained from equation
(3-38) using the measured second-order FRF Hy(w,,®,). In fact, one data point on the
, vs W, plane is enough to determine k;, although more data points are recommended in

practice in order to have areliable averaged estimation.

The ‘modal-space analysis' is based on the mathematical observation that, in general, the
second-order frequency response function (second-order Volterra kernel transform) can
be decomposed as [45]

2N 2N 2K

Hy(o,, 0) = 2, Ay .. G (3-82)

=100+ 0, m=1i0+0, 1=1 i0; +i0,+ 0

where N is the number of degrees of freedom of the system and 2K represents the
number of poles corresponding to “nonlinear coupling modes’ which are the
combinational resonances of the system [45]. When one of the variables (w; or ®;) is
fixed, then equation (3-82) reduces to the following polynormial form:

, ®
Hy(®;, 0;) = P(@;, @, O, @) ;n=1,2N;m=1;2N;1=1,2K (3-83)
Q(w, @, Oy, W)
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Curvefitting of this polynomia function can be made using the well-developed
polynomial curve-fitting algorithms[52} used in linear modal analysis, then all the @, and
w,, which are the natural frequencies of the system can be obtained and the analytical
model of H,(w;,w,) in its polynormial expression can be established. Such analytical
models can be used for further applications such as response prediction, as shown in
Fig.3.21 for the system described by (3-3) with k,=0 and with input being a pure
sinusoid of frequency half of the natural frequency of the system. The improvement of
prediction accuracy by including second-order FRF is clearly demonstrated.
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Prediction Using First Order FRF Prediction Using First and Second Order FRF
--------- - true 'ESPONSE, - .. .. -... predicted response
Fig.3.21 - Response Prediction Using Second Order Frequency Response Function

3.7 CONCLUSIONS

In this Chapter, the basic theory of Volterra and Wiener series of nonlinear systems has
been introduced and the measurement of higher-order frequency response functions has
been discussed. The relationships between the Volterra and Wiener kernels and their
corresponding measured frequency response functions have been demonstrated. By
extending the classical fast-order frequency response function analysis to higher-order
frequency response function analysis, it can be seen that the linear system theory is
extended in alogical way to cover nonlinear systems.

From the system identification point of view, the measured higher-order frequency
response functions provide considerable information about the nature of the nonlinearity
of the system which the classicd first-order frequency response functions cannot provide.
Among them are the following:

(a) since for certain nonsymmetric nonlinear systems, such as the quadratic and bilinear
systems mentioned in this Chapter, the measured first-order frequency response functions
are effectively linear and therefore, cannot be used to detect existence of nonlinearity, the
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measured higher- (second-) order frequency response functions give an indication of the
nonlinearity in the system;

(b) the different characteristics of higher-order frequency functions may give
categorization and so identification of common mechanical nonlinear systems by
comparing the measured higher-order frequency response functions with those analytical
ones of known nonlinear systems;

(c) from a system response prediction point of view, the higher-order frequency
response functions together with the first-order frequency response functions give more
accurate response prediction to any input than just using the first-order frequency
response functions and,;

(d) the measured higher-order frequency response functions can be analysed in a
similar way to the case of first-order frequency response functions in order to identify
either the physical parameters or the modal parameters of a nonlinear system so that its
mathematical model can be established.

The existing numerical difficulties concerning the successful measurement of higher-
order frequency response functions have been discussed and possible ways of
overcoming these difficulties suggested, both in the case of measurement using harmonic
probing technique and correlation analysis with random input. In the harmonic probing
method, the main problem involved is leakage in the DFT of the response signal. This
leakage problem can be overcome using the correlation technique as suggested. For the
correlation analysis with random input, the main problem involved is the removal of the
linear contribution from the total response so that the computational efficiency can be
improved. For this purpose, averaging in the frequency domain instead of the time
domain as discussed is recommended.



CHAPTER |4

IDENTIFICATION OF
CHAOTIC VIBRATIONAL SYSTEMS

4.1 PRELIMINARIES

So far, techniques for identifying structural nonlinearity based on the measured first- and
higher- order frequency response functions have been developed and discussed in some
detail in Chapter 2&3. If the first-order and higher-order (usually second-order)
frequency response functions of a nonlinear structure are measured in the ways as have
been discussed in previous Chapters then, in most cases, the structural nonlinearity can
be detected, quantified and identified by analysing these measured FRFs. However, for
some nonlinear systems (chaotic systems, which are discussed in this Chapter), the
dynamic behaviour is so complex that the first- and higher-order FRF analyses, which are
largely based on the assumption of periodic input periodic output, become inadequate. In
order to analyse these systems, the development of yet more analysis techniques becomes
necessary.

In the case of a single sinusoidal input, the possible behaviour of the response spectrum
of a nonlinear dynamic system can be illustrated in Fig.4.1. The first-order frequency
response function analysis only considers the fundamental frequency components, while
the higher-order frequency response function analysis takes the harmonic (both
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subharmonic and superharmonic) and combinational frequency components into account.
However, except for these fundamental and harmonic frequency components, the
subharmonics of some nonlinear systems bifurcate in such a way that the response
spectrum due to a single sinusoid input changes from discrete (periodic) to continuous
(nonperiodic) distribution. Such newly-discovered strange behaviour of nonlinear system
- a deterministic system exhibiting apparently random behaviour - is called chaos and is
one of the most exciting research topics in nonlinear systems research.

Fundamental component

superharmonics
e

subharrnonics

B o — -
approaching chaos energy transfer to higher frequencies

Fig.4.1- Response Frequency Components of a Nonlinear System

In the last fifteen years, clues to the emergence of randomlike motion in deterministic
dynamic systems have been uncovered by new topologica methods in mathematics. At
the same time, experimental measurements and numerical simulations have provided
supporting evidence to the mathematical analysis which shows that many physical
systems may exhibit chaotic behaviour without random inputs. Research on chaos has
become an interdisciplinary subject and applications of the study have been found in
amost all engineering subjects. In mechanical engineering, it has been well known that
Duffing’'s system [53] with negative stiffness, such as that which represents mechanical
structure of pre-stressed buckled beams, and, some impact mechanical oscillators [54],
exhibit chaotic behaviour under certain excitation and initial conditions. These systems
represent very special types of mechanical nonlinear structures which are not commonly
encountered in practice. In order to investigate the possible chaotic behaviour of practical
mechanical structures with more commonly-encountered nonlinearities, a mechanical
system with backlash stiffness nonlinearity is considered in this Chapter. Extensive
numerical as well as experimental research work has been carried out and apparently, it is
the first time in literature that the chaotic nature of mechanical system with backlash
stiffness nonlinearity under redistic system parameters has been revealed. Such a
nonlinear mechanism as backlash stiffness represents an important and extensive group of
mechanical structures with manufacturing clearances such as gearing systems. Based on
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the mechanical backlash system, the basic theory of chaotic vibration is introduced and
gualitative as well as quantitative ways of identifying chaotic behaviour of a nonlinear
system are presented. Possible engineering applications of the study presented in this
Chapter are suggested.

4.2 INTRODUCTION TO CHAOTIC VIBRATION THEORY

Chaos is an nonlinear phenomenon which permeates al fields of science. Although
identified as an important research area only recently, chaos has existed from time
immemorial. It is now known that chaos can readily occur not only in man-made
systems, but in al natural and living systems where nonlinearity is present.

Roughly speaking, chaos is an exotic steady-state response. The steady-state response of
a system is what remains after the transient has decayed to zero and from what has been
taught in linear system theory, it can either be an equilibrium point, periodic or quasi-
periodic solution. This basic principle of linear systems has been so deeply-rooted in the
mind of most engineers that they may subconsciously extrapolate it for nonlinear systems
aswell. We know that for some nonlinear systems, there exist awide range of parameters
for which the steady-state responses are bounded, but are not periodic. In fact, the
response waveform becomes erratic with a broad continuous frequency spectrum (rather
than discrete, as in the periodic case). Moreover, the response is so sensitive to initia
conditions that unless a computer with infinite word length is used in the simulation, no
long-term prediction of the precise waveform is possible.

For mechanical systems, the study of chaotic vibration is important for severa reasons.
First, in the design of mechanical control systems, it is essentia to avoid the occurrence
of chaotic oscillation at design stage because chaos means unpredictability and so
uncontrollability. Secondly, the random nature of the response to a deterministic (usually
periodic) excitation of a mechanical structure makes life prediction difficult and statistical
stress/fatigue analysis becomes necessary. Finaly, from a machine monitoring point of
view, that a broad continuous response spectrum can be due a single sinusoidal input
makes the reliable diagnosis in most cases difficult and suggests that the development of
new techniquesis required.

In the following section, the basic theory of chaotic vibration is introduced based the
well-known Duffing’'s and van der Pol’s systems. Ingredients which are essential for
understanding chaos are presented.
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42.1 DYNAMICAL SYSTEMS THEORY

In general, dynamic systems can be divided into three different categories. autonomous
dynamic systems, nonautonomous dynamic systems and discrete-time dynamic systems.
Both autonomous and nonautonomous dynamic systems are described by differential
equations (ordinary or partial differential equations) while discrete-time dynamic systems
are expressed in terms of iterative maps. All three types of systems are defined and
discussed and some of the useful facts from the theory of differential equations are
presented.

Annth-order autonomous dynamical system is defined by the state equation as
x = f(x) X(tp) = Xg (4-1)

where x = ad? X, x(t)e R" is the state at time instant t and f: R"— R" is called the vector

field. Since the vector field does not depend on time, the initial time may always be taken
astg=0. The solution of equation (4-) with initial condition x=xg at time t=0 is caled a
trgjectory (in n-dimensional space) and is denoted by ¢,(xg). The mapping (which is
continuous as compared with the discrete mapping of discrete-time dynamical systems)
¢: R"> R" is caled the flow of the system since ¢, is a continuous trajectory starts at X
and is like fluid flowing in the state-space. The dynamic system described in (4-1) is
linear if f(x) is alinear function of state variable x. Free vibrational mechanical systems
belong to this category.

An nth-order nonautonomous dynamical system, on the other hand, is defined by the
time-varying state equation as

x = f(x,1) x(to) = X, 4-2)

The vector field depends on time and, unlike the autonomous case, the initial time cannot
be arbitrarily set to 0. The solution of (4-2) passing through the point x; at t=t, is denoted
as 0,(Xg.tg). Again, the system is linear if f(x) is linear with respect to x.

If for a nonautonomous system, there exists a constant T > 0 such that f(x,t) = f(x,t+T)
for al x and dl t, then the system is said to be time periodic with period T. The smallest
such T is called the minimal period. In this Chapter, al nonautonomous systems are
assumed to be time periodic e.g., time invariant systems with periodic input force.
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An nth-order time periodic nonautonomous system can aways be converted to an
(n+l)*-order autonomous system by appending an extra state 6=2xt/T. Therefore, the

corresponding autonomous system is given by

x = f(x,0T/2x) x(0) = xp (4-3)
0 = 2m/T 6(0) = 2mty/T (4-4)

Since f is time periodic with period T, the new system described by (4-3) and (4-4) is
periodic in © with period 2rn. Therefore, the state-space is transformed from Euclidean
space R™! to cylindrical space R"xS where S = [0, 2x) is a circle. The solution in the

new state-space is

x(t) ¢,(x0,tp)
o) - %mod 2n (4-5)

where the modulo function (x mod y gives the remainder of x divided by y, e.g., 3 mod 2
=1) restricts 0 to be within the semi-closed interval [0,2%). Using this transformation,

results for autonomous systems can be applied to the time periodic nonautonomous case.

As for discrete-time dynamic systems, any map f:R"» R™ defines a discrete-time
dynamic system by the state equation

Xk41 = f(xk), k=01, 2 - (4-6)

where xy is called the state, and f maps state x; to the next state Xy, 1. Starting with an
initial condition xg, repeated applications of the map f gives rise to a sequence of points
{xk)r=o caled an orhit of the discrete-time system. Examples of discrete-time dynamic
systems are given below.

Although the research presented in this Chapter focuses on continuous time vibrational
systems, discrete-time systems will be discussed for two reasons. First, the Poincaré
mapping technique, which replaces the analysis of flow of continuous-time system with
the analysis of a discrete-time system, is an extremely useful tool for studying dynamical
systems. Second, due to this correspondence between flows (of continuous-time dynamic
systems) and maps (of discrete-time dynamic systems), maps will be used to illustrate
important concepts without getting into details of solving differential equations.
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The simplest one-dimensional discrete-time system - the population growth mode! -
which has been found to be chaotic is described by the logistic equation

Xge1= A Xk (1- %) (4-7)

For some values of A, after certain iterations until the transient component dies, thexy
will settle to one specific value (period one solution). While for other values of A, xi
oscillates between 2 values (period 2 solution), 4 values (period 4 solution) and so on.
However, there are some parameter regions in which xg never repeats its value as
iteration continues, as shown in Fig.4.2 and such phenomenon is the earliest observation
of what we call chaos today.

Fig.4.2 - Bifurcation Digram of Logistic Map for 2.7<1 <4.0

Another discrete-time system which exhibits chaotic behaviour is the quadratic map
studied by Hénon [55]

Xge1 = 1-axf + yg (4-9)
Yk+1 = bXg 4-9)

In the case when a=1.4 and b=0.3, for initial condition (xg,yg), the sequence of points
generated by the mappi ng{;}k":o isshown in Fig.4.3. Although the sequence of points
never repeats, they settle to restricted areas on the x-y plane and exhibit a very well-
constructed pattern (as will be discussed, the pattern is very finely defined as it is fractal).
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Fig. 4.3 - The Hénon Attractor

The characteristics of logistic map and Hénon map are briefly discussed here because they
will bereferred to in later discussions.

4.2.2 STEADY-STATE BEHAVIOUR AND LIMIT SETS OF
DYNAMIC SYSTEMS

Dynamic systems are classified in terms of their steady-state solutions and limit sets.
Steady state refers to the asymptotic behaviour of the solution of a dynamic system as
time t — oo. The difference between the solution and its steady state is called the transient.

A point y is defined as the limit point of x if, for every neighbourhood U of x, flow ¢(x)
repeatedly enters U as t — o0, €.g., the equilibrium point of a dynamic system.

The set of all limit points is called the limit set L(X) of x. Limit sets are closed and
invariant under the flow ¢, (a set L is invariant under ¢, if, for all xe L and all t,
¢,(x)eL), eg., the 1imit cycle of a nonlinear system.

A limit set L is attracting if there exists an open neighbourhood U of L such that L(x)=L
for al xe U. Thelimit cycle of anonlinear system is an attracting limit set.

The basin of attraction B(L) of an attracting set L is defined as the union of all such
neighbourhoods U. Every trgectory starting in B(L) tends towards L ast — o, These
definitions are briefly illustrated in Fig.4.4.
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Fig.4.4 - lllustration of Limit Point, Limit Set and Basin of Attraction

In a stable linear system, there is only one limit set corresponding to specific input and
therefore the steady-state behaviour is independent of initial conditions. In a typical
nonlinear system however, there can be several attracting limit sets, each with a different
basin of attraction. In this case, the initial condition determines in which limit set the
system eventualy settles.

The concept of limit sets is very useful in understanding different classical types of
steady-state behaviour such as equilibrium points, limit cycles and quasi-periodic
solutions. However, as will be shown, it is far too simple to describe the complex steady-
state behaviour found in chaotic systems and some new mathematical concepts such as
fractal dimension and Lyapunov exponent need to be introduced when steady-state
chaotic behaviour (strange attractor) is considered. In what follows, different types of
steady-state behaviour are discussed based on the well-known Duffing's and van der
Pol's systems. Each state will be described from three different points of view: in the time
domain, in the frequency domain and as alimit set in state-space domain.

An equilibrium point x¢ is related with an autonomous system (a nonautonomous system
does not have equilibrium points because the vector field f: R"— R™ varies with time)
and is the constant solution of equation (4-1), ¢,(x¢)=x® for al timet. In general, f(x)=0
implies that x is an equilibrium point of the system. A simple example is the damped free
vibration system given by

mx+cx+kx=0 (4-10)
It is well known that the system possesses an equilibrium point which is (x,x)=(0,0).

This equilibrium point can be obtained by solving f(x)=0 asfollows:
Rewrite (4- 10) into its state-space form as
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x=y @-11)

. c. k
y=-3 ¥ mX (4-12)

Therefore, f(x)=0 means that y=0 and - ;‘;— y - -rkﬁ x = 0= (x,x)=(0,0).

Both autonomous and nonautonomous systems can have periodic solutions under certain
initial and excitation conditions. A solution ¢,(x*,tp) isa periodic solution if

o(x%t) = ¢1+Tm(x"t0) (4-13)

for al time t and some minimal period Ty, > 0. In general, a periodic solution of a
dynamic system has a Fourier transform consisting of a fundamental frequency
component at f=1/Tp, and evenly spaced harmonics at k/Tp, k=2,3,.... The amplitudes of
some of these spectral components may be zero. For a nonautonomous system, Tp, is
typicaly some multiple of forcing period Ty=kT and the periodic solution is usually
referred to as a kth subharmonic. To illustrate this point, a periodic (periodic 3) solution
of the well-known Duffing's equation with ¥=0.1, B=9.8 and w=1 (al units appear in
this chapter are supposed to be normalised except where physical units are given).

X +7Yx+ x3 =B coswt (4-14)

was calculated and is shown in Fig.45
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Fig. 4.5 - Period 3 Solution of Duffing's System

Also, periodic solutions exist in autonomous systems and in this case, the periodic
solution is called a limit cycle. A limit cycle is a self-sustained oscillation and cannot
occur in a linear system. One classical example of limit cycle is found in van der Pol's
equation
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X+x2-1)x+x=0 (4- 15)

The existence of a stable van der Pol limit cycleis shown in Fig.4.6 and can be physicaly
explained in terms of the damping mechanism of the system. When IxI £ 1, the damping
of the system is negative and therefore, the solution is expanding. While on the other
hand, when the solution becomes Ix! 2 1, it is contracting. As a result, the solution will

eventually settle down alimit cycle.
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Fig. 4.6 - Limit Cycle of the van der Polk System

Another type of steady-state solution which existsin some nonlinear systems is the quasi-
periodic solution (often referred to as almost periodic solution) which is the sum of
periodic functions with their fundamental frequencies (the reciprocals of their minimal
periods) to be incommensurable. To see how quasi-periodic solutions arise in dynamic
systems, again consider the van der Pol's equation with external forcing as

X+ (x2-1)x+ x =B coswt (4-16)
The system has a limit cycle oscillation with fundamental frequencyw . If the forcing

frequency w isincommensurable with w;, then aquasi-periodic solution occurs. The
quasi-periodic solution of equation (4- 16) with B=l .O and w=r/2 is shown in Fig.4.7.
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time domain state-space domain frequency domain

Fig. 4.7 - Quasi-periodic Solution of van der Pol’s Equation

Mathematically, a quasi-periodic trgectory which contains n different incommensurable
fundamental frequencies lies on an n-dimensional torus. Taking the two-periodic
trajectory (contains two incommensurable fundamental frequencies) as an example, the
trajectory lies on a two dimensiona torus SxS as shown in Fig.4.8 with each S
representing one of the base frequencies. Since a trgjectory is a curve while SxS isa
surface, not every point on the torus lies on the trgjectory. However, it can be shown that
the tragjectory repeatedly passes arbitrarily close to any point on the torus and, therefore,
the torus is the limit set of the quasi-periodic behaviour.

Fig. 4.8 - Two Periodic Behaviour Lies on Two Dimensional Torus SxS

423 CHAOTIC ATTRACTOR

There is no generally-accepted definition of a chaotic attractor. From a practical point of
view, chaotic solution can be defined as none of the above mentioned steady-state
solutions; that is, as bounded steady-state behaviour which is neither an equilibrium
point, nor periodic, and not a quasi-periodic limit set either. For this reason, chaotic
attractors are often referred to as “strange attractors’. Since the solution is nonperiodic
(which means that the solution contains some random components) while the system is
deterministic (there are no random parameters involved in describing the system), chaotic
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systems are very often described as “deterministic systems that exhibit random
behaviour”.

The chaotic behaviour of discrete-time dynamic systems such as the one-dimensional
logistic equation and the two-dimensional Hénon map has been briefly discussed and the
bifurcation diagram for the logistic equation and the strange attractor for the Hénon map
are shown in figures 4.2&4.3. Now, a chaotic solution of Duffing’s equation (4-14) with
¢=0.1, B=10 and w=1 is calculated and is shown in Fig.4.9. It is evident from this that
the trgjectory isindeed bounded and nonperiodic. However, one should be careful to note
that boundedness and nonperiodicity do not necessarily mean that the solution is chaotic
because a quasi-periodic solution is bounded and nonperiodic as well. In order to
distinguish chaotic solutions from quasi-periodic ones, the frequency spectrum of the
signal needsto be calculated. For a quasi-periodic signal, the spectrum only contains
discrete frequency components while a chaotic solution has a spectrum with a continuous,
broad-band nature, as shown in figure 4.9. This noise-like spectrum is characteristic of
chaotic systems.
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Fig.4.9 - Chaotic Solution of Duffing’ s Equation

Unlike the classical types of attractor that are associated with classical geometric objects
such as an equilibrium state with a point, the periodic motion or limit cycle with aclosed
curve and a quasi-periodic motion with a surface in multi-dimensional space, the limit set
of chaotic behaviour is related to a new geometric object called a fractal set [56], which
will be discussed later on.

Another property of chaotic systems s sensitive dependence on initial conditions: given
two initial conditions arbitrarily close to one another, the trajectories emanating from these
initial conditions diverge at an exponentia rate (which is some kind of characteristic value
of the system) until for all practical purposes, they are uncorrelated. This sensitive
dependence on initia condition for Duffing’s equation is illustrated in Fig.4.10 (the two
initial conditions differ by only 1%). In practice, theinitial state of the system can never
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be specified exactly, but only within some tolerance € and therefore, if two initial
conditions x, and xj lie within € of one another, they cannot be distinguished. However,
after a finite amount of time, flows ¢,(x,) and ¢,(xg) will diverge and become
uncorrelated. As aresult, no matter how precisely theinitial condition is known, thelong-
term behaviour of a chaotic system can never be predicted (of course, the more accurate
theinitial conditions are, the longer the prediction can be, but since the divergenceis
exponential with time, unless the initial condition could be specified to infinite precision,
accurate long-term prediction becomes impossible).
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Fig.4.10 - Illustration of Sensitive Dependence on Initial Conditions

424 THE POINCARE MAPS

A very useful classical technique for analysing dynamical systems was developed by
Poincare. The technique replaces the flow of a continuous-time dynamical system with a
discrete map called Poincare map. For autonomous and nonautonomous systems, the
definitions of the Poincare map are dlightly different and two cases are treated separately.

Consider an nth-order autonomous system with a limit cycle T' as shown in Fig.4.11. Let
x* be apoint on the limit cycleT" and let T be the minimal period of the limit cycle. Take
an (n-1)-dimensiona hyper-plane £ (a plane has a dimension more than two) transverse
to T at x*. The trgjectory emanating from x* will hit £ a x* in T seconds. Due to the
continuity of ¢, with respect to the initial conditions, trajectories startingon X ina
sufficiently small neighbourhood of x* will, in approximately T seconds, intersect Z in
the vicinity of x*. Therefore, vector field f and hyper-plane X define a mapping P of
some neighbourhood Ue X of x* onto another neighbourhood Ve X of x*. The thus-
defined Pis called the Poincare map of an autonomous system.
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For nonautonomous systems, as shown in section 4.2.1, an nth-order nonautonomous
system in R™ Euclidean space with period T may be transformed into an (n+1)-
dimensional autonomous system in cylindrical state-space R™xS. Consider the n-
dimensional hyper-plane Z in R™xS defined by

Z={(x,0) R"xSlg=g,}. (4-17)

Every T seconds, the trgjectory intersects X as shown in Fig.4.11. Thus amap P: Z—X
is defined by P(x)=01(x,t;) where P is called the Poincare map. Such a Poincare map can
be thought of in following two ways:

(i) P(x) indicates where the flow takes x after a T seconds and thisis called T advance
mapping; or

(ii) the orbit (sequence of points) {PX(x)},=, isasampling of asingle trajectory every T
seconds; that is Pk(xg) = ¢ r(Xp.tg) for k=1,2, .. ..

U

=

i

~

Wk

N trajectory

{

The Poincaré map of The Poincaré map of afirst order
autonomous system nonautonomous system

Fig.4.11- Poincare Maps of Autonomous and Nonautonomous Systems

The usefulness of the Poincare map derives from the fact that there is one-to-one
correspondence between the different types of steady-state behaviour of the underlying
continuous-time dynamic system and the steady-state behaviour of mapping P. Therefore,
from the steady-state behaviour of mapping P, the steady-state behaviour of the
continuous dynamic system can be deduced.

As is clear from the definition of P, a period one solution of the underlying flow
corresponds to a fixed point of the Poincare map. For nonautonomous systems, a period
K solution (contains Kth subharmonic) corresponds to K different points on the Poincare

map.
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The Poincaré map can also be used to detect quasi-periodic solutions. As mentioned
earlier, two-periodic solution (meaning two incommensurable minimal periodsand is
different from period two solution) lies on atwo dimensional torus SxS as shown in
figure 4.8. Using coordinate (8,,8,) on the torus, a two-periodic trajectory may be
written as

0.(t ®;t mod 2=n
{ 1 )} _ { 1 } (+18)
8,(1) w,t mod 27w
where w; and w, are incommensurable. In the nonautonomous case, one of the

frequencies, say, w, isthe forcing frequency of the system. An orbit of the Poincare map
corresponds to sampling (4-1 8) every 2n/w; seconds

6,(2nk/w;) 2nk mod 2= 0
- = N k = 1, 2,...
92(21tk/(x)1) 27[1((02/0)1 mOd 2n Zﬂkmzl(ﬂlmOd 2%

4-19
Since w, and w, are incommensurable, { 8,(2rk/w;)},=; is not periodic and rep(eategly
comes arbitrarily close to every point in [0, 2x). Therefore, in the (6,,6,) coordinates,
the limit set of the Poincare map isthecircle S. In the original Euclidean coordinates, the
limit set isaclosed curve. To illustrate this point, the Poincare map of quasi-periodic
solution shown in figure 4.7 with sampling frequency equal to the the forcing frequency
Is shown in Fig.4.12.
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Fig. 4.12 - The Poincare Map of a Quasi-periodic Solution of van der Pol's System

For chaotic trgjectories, the steady-state Poincare maps are distinctive and often quite
beautiful. In order to illustrate this, the chaotic attractor (Poincaré map) of Duffing's
equation with ¢=0.1, B=10 and w=1is calculated and is shown in Fig.4.13. Looking at

these orbits, it becomes immediately clear that the steady-state orbits do not lie on a
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simple geometrical form as is the case with periodic and quasi-periodic behaviour. The
attractor has fine structure which is fracral as will be discussed later on. Such fine
structure of Poincaré map istypical of chaotic systems.
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Fig.4.13 - Strange Attractor of Duffing’'s System

425 STABILITY OF LIMIT SETSAND LYAPUNOV EXPONENTS

The study of the stability of limit setsis important because only the attracting limit sets

(structurally stable) can be physically observed. In this section, the conditions for alimit

set to be stable will be discussed both in the case of equilibrium points and periodic

solutions. The Lyapunov exponents which can be used to determine the stability of any

type of steady-state behaviour, including quasi-periodic and chaotic solutions, will be
introduced.

Consider an equilibrium point x¢ of equation (4-1). It is well-known that the local
behaviour (for small perturbations) of a nonlinear system near the equilibrium point is
determined by linearising f at x¢ as

8k = Df(x°) 6x (4-20)

where Df(x¢) is the Jacobian matrix at point x¢ and 6x = (X - x®). The thus derived linear
vector field (4-20) governs the time evolution of perturbations near x¢ of the original
nonlinear system. In particular, the stability of the flow near x¢ can be determined based
on the linear vector field by examining the real parts of the eigenvalues of the Jacobian
matrix Df(xe).
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Suppose [‘h.] and [¢] are the eigenvalue and eigenvector matrices of the Jacobian matrix,
then mathematically, the trajectory with initial condition xe+8x¢ is, to the first order,

O, (xe+8x°) = 0,(x°) + 6x(t) = x¢ + eDIxNFxe = xe + Y c (¢}, eMt (42 1)
r=1

where {c,} P, contains scalar constants chosen to achieve the correct initial conditions.
From equation (4-21), it can be seen that the real part of A; gives the rate of expansion (if
Re();) > 0) or contraction (if Re(A;) < 0) in the neighbourhood of the equilibrium point
along the direction of {0} ;.

If Re(A;) < O for al A;, then all sufficiently small perturbations will die out ast — e« and
x¢ is asymprotically stable. If Re();)> 0 for some A;, then x¢ is not stable. If one of the
eigenvalues has zero real part, then the stability cannot be determined from the linearised
vector field and higher terms need to be included in the expression of (4-20).

The stability of a periodic solution is determined by its characteristic multiplier.
Characteristic multipliers are a generaisation of the eigenvalues at an equilibrium point.
Since a periodic solution corresponds to a fixed point of the Poincare map P, the stability
of the periodic solution is determined by the stability of the fixed point of the Poincare
map. By analogy with the equilibrium point, the stability of fixed point x* of P
(corresponding to initial condition xg) is determined by linearising P at x*. The linear
discrete-time system

SXjs = DP(X*) 8%, (4-22)

governs the local behaviour of map P near x*. Again as in the case of equilibrium point,
the orbit of P for an initial condition x4+3xg is, to the first order,

X, = X* + 0x = x* + DP(x*) 8x, = x* + Zc,u‘r‘{q)}, (4-23)
r=1

where ['.] and [¢] are the eigenvalue and eigenvector matrices of DP(x*) and {c,} 2, are

n
r=1
scalar constants chosen to achieve the correct initial conditions. The eigenvalues ['W.] are
the characteristic multipliers of the fixed point and determine the amount of contraction (if
In;l< 1) or expansion (if Iy;l> 1) near x* in the direction of {¢}; for one iteration of the

map P.
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The characteristic multipliers determine the stability of the periodic solution. If al the
lie within the unit circle (4; is in general, complex), then the periodic solution is
asymptotically stable. If some of the p; lie outside the unit circle, then the periodic
solution is not stable. If some of the characteristic multipliers lie on the unit circle, then
the stability of the periodic solution cannot be determined by the multipliers alone.

Lyapunov exponents are a generalisation of the eigenvalues at an equilibrium point and of
characteristic multipliers. They are used to determine the stability of any type of steady-
state behaviour, including quasi-periodic and chaotic solutions. The definition of the
Lyapunov exponent is as follows. Let ['m.] be the eigenvalues of a ®,(xg) (a square
matrix which is afunction of time), then the Lyapunov exponents are defined by

A= lim In Im;(t)l

t—o0 t

,i=1,2,....n (4-24)

if the limit exists.

To explain the physica meaning, the Lyapunov exponents of an equilibrium point are
calculated. Let ['n.] be the eigenvalues of Df(x¢), then for flow @, (x¢) = ePf&)t which
isalinearised vector field, m;(t) = e#it and

()| »
A= qim MO In leki

! {00 t {—00 t

= Re(l;) (4-25)

Therefore, in this special case, the Lyapunov exponents are equal to the real parts of the
eigenvalues of Df(x) at the equilibrium point and indicate the rate of contraction (A; < 0)
or expansion (A; > 0) near the equilibrium point.

Lypunov exponents are convenient for categorising steady-state behaviour. For an

atractor (including a chaotic attractor), contraction must outweigh expansion and
n

therefore Zli< 0. Attractors are classified in terms of Lyapunov exponents as
r =1

follows. For a stable equilibrium point, A;< 0 for all i. For a stable limit cycle, A; =0
andA;<0fori=2,3,....n Foratorus, A;=A,=0andA;<0fori=3,4,....n.

One feature of chaos, as mentioned earlier, is its sensitive dependence on initia
conditions. Sensitive dependence occurs in an expanding flow, as is illustrated below.
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Consider a nonautonomous system with a contracting flow ¢, as shown in Fig.4.14(a).
Suppose that the state of the system can be measured to within an accuracy of g, thenitis
clear that it is more accurate to predict the state at time t, using the measured state at time
t; than to measure the state at t,. The larger the elapse time (t5-t;), the greater the accuracy
of the prediction. Thus for a contracting system, the predictive value of the initia

condition increases with time. On the other hand, consider the opposite case of an
expanding flow as shown in Fig.4.14(b). It is more accurate to measure the state at t,

than to predict it using the measured state at t; and the predictive value of the initial
condition deteriorates with time. This means that expanding systems exhibit sensitive
dependence on initial conditions, but a purely expanding flow also implies unbounded
behaviour. By definition, a chaotic trgjectory is bounded, and therefore it follows that a
chaotic system must contract in some directions and expand in others with the contraction
outweighing the expansion (here we only consider the dissipative/damped dynamical
systems). Hence, for a chaotic/strange attractor, at least one of the Lyapunov exponents
must be positive and this existence of positive Lyapunov exponents distinguishes a
strange attractor from other types of attractor and is one of the main criteria for detecting
chaos.

Be (x1)

tz-tl

() Contracting Flow (b) Expanding Flow

l Fig.4.14 - Illustration of Contracting Flow and Expanding Flows

426 THE DIMENSION OF AN ATTRACTOR

As discussed above, Lyapunov exponents can be used to categorise different types of
limit set and here in this section another important concept - the concept of dimension of
an attractor which serves to quantify the complexity of a given attractor - is introduced.
An attractor could be defined to be n-dimensiondl if, in the neighbourhood of every point
on the attractor, it looks like an open subset of R®. This is how the dimension of a

manifold is defined in differential topology. For example, alimit cycle is one-dimensional
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because it looks locally like an interval. A two-dimensional torus has a dimension of 2
because for every point, locally, it resembles an open set of R2. An equilibrium point is
considered to have zero dimension. However, as shown in figure 4.13, the
neighbourhood of any point of a strange attractor has a very finely defined structure and
does not resemble any Euclidean space. Therefore, strange attractors are not manifolds
and do not have integer dimension. There are several ways to generalise the dimension to
the general fractional case and in this section, only the capacity dimension is presented.

The simplest dimension is the capacity dimension. To illustrate how the capacity
dimension can be caculated, let us consider a long time trgjectory in phase space as
shown in Fig.4.15. First, time sample the trgjectory so that a large number of points on
the trgjectory are obtained. Then place a sphere (or cube) of radius (or length) € at some
point of the orbit and count the number of points within the sphere N(g). The probability

of finding apoint in this sphereisthen defined as

P(e) = %—) (4-26)

sampled data point

y
)<~—/<; g
z -
trajectory

Fig.4.15 - Time Sampled Data points of a Trajectory

where Ny is the total number of sampled time data points. For a one-dimensiona orbit,
such as a closed periodic orbit, P(E) will be linear in eas€ — 0 and Ny — eo; P(E) = e
(where B is a constant). If the orbit is quasi-periodic, two-periodic for example, then the
probability P(E), ase— 0 and Ny — e will be P() = ye2 (where yis a constant). These
observations lead one to define the capacity dimension of an orbit at point x; by
measuring the relative percentage of time that the orbit spends in the small sphere; that is,

. l.m ln P(E,Xi)
D= g0 — (4-27)
¢ In €
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In general, thus calculated Di will be dependent on xi and, therefore, averaging is
required in order to calculate the capacity dimension of the orbit

1 -
D, = '1\71_2 D} (4-28)

where M is the number of points which have been averaged. In this way, the capacity
dimension of the strange attractor shown in Fig.4.3 was calculated to be D, = 1.26. Since

D is not an integer, the attractor is indeed chaotic.

For nonautonomous time periodic systems, the capacity dimension of the Poincare map
of an attractor is often used to detect the existence of chaos and to quantify the complexity
of the motion. If the calculated capacity dimension D, of the Poincaré map is independent
of the phase of the Poincare map (the phase angle 0 <6 <2n) and satisfies 0 <D, < 2,
then the dimension of the complete attractor isjustd =1+ D,.

43 CHAOTIC VIBRATION OF NONLINEAR MECHANICAL
SYSTEM WITH BACKLASH

So far, the basic theories which are required in order to understand chaotic vibration of
dynamic systems have been reviewed and summarised. In the following sections, the
research carried out on the chaotic vibration of mechanical systems with a backlash
stiffness nonlinearity is presented. Apparently, it is the first time in literature that the
chaotic behaviour of such a general, yet so smple a nonlinear mechanical system has
been revedled. Based on such mechanica backlash systems, qualitative as well as
guantitative ways of anaysing chaotic behaviour are presented. Possible practica
applications of the research presented are discussed and suggested.

4.3.1 INTRODUCTION

In recent years, the study of chaotic dynamic behaviour in nonlinear deterministic systems
has become a mgor research topic in nonlinear dynamic system analysis and new
discoveries of chaos have been reported in severa engineering applications such as
nonlinear circuit design in electrical engineering [57], turbulence modelling in fluid
dynamics [58] and chemical reaction process modelling in chemical engineering [59]. In
mechanical engineering, systems modelled by Duffing's equation, such as pre-stressed
buckled beams, have been studied extensively and it has been found that under certain
excitation and initial conditions, chaotic vibrations can occur [53,61,62,63]. In particular,
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the chaotic behaviour of mechanical impact oscillators (oscillators with rigid motion
constraints), both single and double oscillators, have been studied by Shaw and Holmes
[54,64]. However, it should be noted that these systems represent very special types of
nonlinear mechanical system. In the case of Duffing's system, although chaotic vibration
has been observed experimentally when the linear stiffness of the system is negative,
such as for pre-stressed buckled beams, when the linear stiffness becomes positive -
which is the more redlistic case of some practical nonlinear structures with a stiffness
nonlinearity - on the other hand, only when the vibration amplitude becomes excessively
high that chaotic vibration occurs. Under practical service conditions therefore, chaotic
vibration cannot in general occur for Duffing’s system with positive linear stiffness. For
impact oscillators, practical nonlinear structures rarely possess infinite stiffness and hence
the impact oscillator model is, in general, not realistic of mechanical structures.
Therefore, the possible existence of chaotic vibration in a genera and practically realistic
nonlinear mechanica structure has not been investigated to date. The research work
presented below seeks to demonstrate that it is possible for chaotic vibration to occur in a
general mechanical system with backlash stiffness nonlinearity which represents a group
of mechanica systems with manufacturing clearances.

The classical analysis of the vibration behaviour of mechanical system with backlash
stiffness nonlinearity is treated in standard texts on nonlinear oscillations, such as that of
Minorsky [65], and an investigation of harmonic and superharmonic resonances of this
type of systems was carried out by Maezawa [66]. The present analysis concentrates on
the chaotic behaviour of the mechanical backlash system with realistic system parameters
under sinusoidal excitation and presents both numerical and experimental results of the
research. The fourth-order Runge-Kutta method with precision control was used in the
numerical simulations. It was found that both periodic and chaotic vibrations exist under
different forcing conditions.

4.3.2 THE GENERAL SYSTEM

The system studied is the simple nonlinear mechanical system shown in Fig.4.16. When
the vibration amplitude Ix! is less than a certain value, x,, the system is linear. However,
when the vibration amplitude Ix! 2 x,, the system becomes nonlinear. The equation of

motion of the system excited by asinusoidal force iswritten as:
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Fig.4.16 - Nonlinear Mechanical System with Backlash Stiffness Nonlinearity

mx + 2ci + F(x) = A cosmt (4-29)

where F(X) is given as

ko (x + xg) (X 2Xg)
F(X) :{ kK X (IxI' < xyp) (4-30)
kz(x - XO) (X < - Xo)

and is shown in Fig.4.17(a). Since the transient solution of (4-29) will decay due to the
existence of damping (as illustrated in Fig.4.17(b), for which m=lkg, k;=5000N/m,
k,=10000N/m, c=4N.s/m and x¢=0.005m), only the steady-state solution of (4-29) is of
interest. When the forcing amplitude A and frequency  satisfy the following relationship

A

\/(kl -mo?)? + 4ctn?

< xg (43 1)

the system will behave exactly like a linear system for which the steady-state solution is
given by

x(t) = X cos(ot+d) (4-32)

2
where X = A and ¢ = arctg (—cwg)

(k;-mw?)? + 4cle? k; - mo

However, when (4-31) is not satisfied, the system becomes nonlinear and an analytical

solution of (4-29) becomes mathematically impossible because an explicit analytical
expression for the returning times T (X) | x=+x, does not exist and numerical methods

have to be employed.
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(a) force displacement relationship ~ (b) phase plane trgjectory of free vibration
Fig.4.17 - Force Displacement Relationship and Phase Plane Traectory
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As discussed in some detail in Chapter 2, measured first-order frequency response
functions can be analysed to detect and to quantify structural nonlinearity. Here, they are
used to give a rough indication as to whether and when chaotic vibration will possibly

occur in amechanical backlash system. The first-order FRFs corresponding to the above-

mentioned parameter settings are calculated for various excitation amplitudes and are
shown in Fig.4.18. From figure 4.18, it can be seen that when the forcing amplitude is
either large or small, the system becomes effectively linear and this gives the indication
that if chaosisto exist in such a system, the forcing amplitudes should be of intermediate
values.

INERTANCE
Log Mag.
(m/s/s/N)

8.0e Frequency Hz. 20.80

Fig.4.18 - First Order Frequency Response Functions of Mechanical Backlash System

4.3.3 CHAOTIC MOTION AND STRANGE ATTRACTING SETS

Such asimple system as described by equation (4-29) is found to be chaotic under certain
excitation conditions. Here, the chaotic behaviour of the system with two different sets of
system parametersis studied (case 1. m=I kg, k;=0N/m, k,=40000N/m, c¢=4N.s/m and
x0=0.005m and case 2: m=lkg, k;= 1 0000N/m, k,=40000N/m, ¢=4N.s/m and
xp=0.005m) and a number of typical results are presented in the time, frequency and
state-snace domains. It has heen folind that there exist larae forcinn narameter (A.w)



[4] Identification of Chaotic Vibrational Systems 130

regions in which chaotic (bounded, nonperiodic) solutions exist and, from these, the
chaotic solutions for case 1 with A=IOON; w=40rad./s and for case 2 with A=240N;
w=40rad./s (the excitations are pure sinusoids) are presented and shown in Figs.4.19-
4.22. The Poincaré maps shown in figure 4.22 are plots of discrete state-space
trajectories with sampling frequency equal to that of the excitation. These figures give a
visual impression of what a chaotic motion looks like. From the time domain plots (figure
4.19) and the continuous state-space trajectory plots (figure 4.20) of the solutions, it can
be seen that the motions contain some form of random components (nonperiodic) and this
is confirmed by the broad-band frequency components appearing in the response spectra
(figure 4.21). The well-defined patterns of Poincaré maps (figure 4.22) give rigorous
confnmation that the solutions are indeed nonperiodic and, hence, chaotic.
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Fig.4.19 - Time Response of Chaotic Backlash System
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Fig.4.20 - Response Spectrum of Chaotic Backlash System
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Fig.4.22 - Poincaré map of Chaotic Response

Also, for comparison with these chaotic solutions, the period 1 (the period of the
response is the same as that of the force) solution for case 1 with A=10N; w=40rad./s is
shown Fig.4.23. The time-domain plot and state-space trgjectory show clearly the
periodicity of the resulting motion, and the effective absence of any broad-band
component (only harmonic components are present) in the response spectrum
demonstrates the clear difference from the response spectrum of a chaotic response.
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Fig.4.23 - Period one solution of Backlash System
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During the numerical simulation, it was found that before the onset of chaos, as the
forcing parameters change gradualy, a series of periodic doublings (bifurcations)
occurred, as is the normal route to chaos. This was shown clearly in the logistic map of
figure 4.2 in which, as the parameter A changes, the period 1 solution bifurcates into
period 2 and then to period 4 and then to period 8 and so on, until chaos sets in.
However, in the present case, since the nonlinearity is symmetric, odd periodic solutions
(e.0. period 3) aso exist and therefore it is difficult to say in this case that the route to
chaosis via period doubling.

Typical chaotic behaviour of a nonlinear backlash system has now been presented in the
time, frequency and state-space domains. The existence of chaotic behaviour of a
nonlinear system can, in general, be detected, as shown above, either using the response
spectrum or more rigorously, using the the Poincare map of the motion. The quantitative
analysis of chaotic behaviour isto be discussed next.

434 FRACTAL DIMENSION OF STRANGE ATTRACTORS

As discussed in the introductory section, an attractor is defined in system dynamics as a
well-defined structure in the state-space plot after the decay of transients due to the
existence of damping. There are three classical types of dynamic motion and they are: (i)
equilibrium, (ii) periodic motion/limit cycle and (iii) quasi-periodic motion. These states
are called attractors since, after the transient decays, the system is attracted to one of the
above states. Classical types of attractor are all associated with classical geometric forms
in state-space; the equilibrium state with a point, the periodic motion/limit cycle with a
closed curve and a quasi-periodic motion with a hyper-surface (a surface has a dimension
of more than 3). However, a chaotic motion rides on a chaotic or strange attractor which
is a stable structure of a long-term trajectory in a bounded region of state-space, which
folds the bundle of trajectories back onto itself, resulting in a mixing and divergence of
nearby states [67]. The strange attractor is associated with a new geometric form called a
fractal set which has a dimension of noninteger value known as the ‘fractal dimension’.
For each chaotic motion, based on its Poincare map, the fracta dimension can be
calculated and the value of this fractal dimension gives quantitative measure of the
complexity (or chaos) of the motion. As mentioned before, there are some different
measures of the dimension of a set of points in space and the most intuitive one is the
capacity dimension. The detailed procedure of calculating the fractal (capacity) dimension
of a given chaotic attractor (Poincare map) was presented in section $4.2.6.




E] Identification of Chaotic Vibrational Systems 133

Based on equations (4-27) and (4-28), the fractal dimensions have been calculated for the
Poincaré maps of figure 4.22 and found to beD, = 1.206 for case 1 and D, = 1.165 for

case 2, respectively. It should be mentioned here that although € should theoretically be as
small as possible, according to (4-27), different values of € must be tried due to numerical
and/or experimental inaccuracies until the calculated dimension becomes independent of €
as shown in Fig.4.24. The noninteger values of these dimensions show that the attractors
of figure 4.22 indeed have fractal/self-similar structures and that the maotions riding on
them are chaotic. Furthermore, it is worth mentioning that, in addition to the
quantification of the complexity of the chaotic motion, the calculation of fractal dimension
is very important for the modelling of chaotic systems because it is from this value that
the number of degrees of freedom necessary to model a practical chaotic system can be
determined so that all the topological nature of the attractor can be preserved.
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Fig.4.24 - Capacity Dimension Versus the Size of €

4.3.5 SENSITIVITY TO INITIAL CONDITIONS AND
LYAPUNOV EXPONENTS

As discussed in section §4.2.5, chaos in dynamics implies a sensitivity in the outcome of
adynamic process to small changesin the initial conditions. When a system becomes
chaotic, the accurate prediction of long-term response becomes impossible because, in
this case, a small initiad condition uncertainty will be magnified exponentially as time goes
on and, as a result, two originally indistinguishable initial conditions will lead to
completely different long-term solutions. This sensitivity to initial conditions for case 1
with A=100N; w=40rad./s is illustrated in Fig.4.25 (the time interval between two
successive points for these two trgjectoriesis aforcing period).
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Fig.4.25 - Sensitivity on Initia Conditions of Chaotic Solutions

In order to quantify this sensitivity to theinitial conditions, the Lyapunov exponent of the
motion needs to be calculated. Imagine a set of initial conditions within a sphere of radius
€ in phase space, then the chaotic motion tragjectories originating in the sphere will map the

sphere into an ellipsoid whose major axis grows as d=ee?, where A is known as a
Lyapunov exponent. As mentioned in §4.2.5, for regular motions, A<0, while for chaotic

motions, A>0. Thus, the sign of A is a criterion of chaos. The numerical method for

calculating the Lyapunov exponent was well explained in [68]. Suppose we have two

chaotic trgjectories, I'y and I'y, starting with very close initial conditions as shown in

Fig.4.26, then A can be calculated as:

N

A= lm Lo ) n S (4-33)
Nese tN -10 : di

where d, is the separation of these wo trajectories at time t,.

Fi0.4.26 - Traectories Starting with Close Initial Conditions

Based on (4-33), the Lyapunov exponents for case 1 with A=100N; @w=40rad./s and case
2 with A=240N; w=40rad./s are calculated to be 0.532 and 0.624. During the calculation,
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an integration time of 200 cycles was used and, as shown in Fig.4.27, the calculated
value can be considered to be reliable because by that time, A virtually does not change.
These positive Lyapunov exponents give quantitative measure that the trgjectories
diverge, on average, at an exponential rate of A = 0.532 for case 1 and A=0.624 for case
2.
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Fig.4.27 - Calculated Lyapunov Exponents Versus Integration Time

4.3.6 EFFECT OF FORCING PARAMETER AND DAMPING
ON CHAQOS

Once the chaotic nature of a nonlinear system has been established, what is then of
interest isto know under what forcing conditions chaotic vibrations will occur because if
the necessary conditions for chaos have been determined, then it is possible to avoid them
or to employ them if there are some advantages of doing so. At present, the determination
of the forcing parameter field of a nonlinear system in which chaotic vibrations occur is
generaly achieved by experiment although analytical predictions for some specific chaotic
systems such as Duffing's system have been undertaken. In the present study, the forcing
parameter field for the existence of chaotic vibration of the system described by equation
(4-29) (case 1) was determined by numerica experiment, results of which are shown in
Fig.4.28. It has been found - as expected - that chaotic vibrations occur when the forcing
amplitudes are of moderate values for all the excitation frequencies tried. For the higher
excitation frequencies, although it cannot be proven because of limited calculation
capacity, it was found that no chaotic vibrations occurred whenw was greater than 85
rad./s.
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Fig.4.28 - Forcing Parameter Field for the Existence of Chaotic Vibration

To see how chaotic motion changes when the forcing amplitude increases, the Poincaré
maps of different forcing amplitudes at an excitation frequency w=40rad./s are calculated
and are shown in Fig.4.29. The calculated fractal dimensions show that athough al the
motions are chaotic, they become more ‘regular’ asforcing amplitude increases.
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To assess the effects of damping on chaotic vibration, different damping levels were
introduced for case 1 with A=100N; w=40rad./s. As expected, an increase in damping
was found to reduce the ‘randomness’ in the chaotic motion and the Poincaré map of the
motion becomes more compact as the damping increases, as shown in Fig.4.30. The
fractal dimensions of the Poincare maps for different values of damping ¢ were also
calculated and the results shown in Fig.4.31. Clearly, the introduction of damping is an
effective way of avoiding unsatisfactory motions of chaotic systems.
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4.3.7 TWO-DEGREE-OF-FREEDOM BACKLASd SYSTEM

So far, the chaotic behaviour of an SDOF mechanical system with backlash stiffness
nonlinearity has been investigated in some detail. In order to study chaotic vibrations of a
nonlinear MDOF system, the 2DOF system with backlash stiffness nonlinearity as shown
in Fig.4.32 is considered. It is generally believed that if chaotic vibration occurs in a
MDOF system, the motion will become yet more complex than that in an SDOF system
with same type of nonlinearity because, in this case, the interactions between all the
degrees of freedom act as chaotic excitations and these chaotic excitations make the
resulting motion more complex. As in the case of the SDOF backlash system, it was
found that for very low and very high excitation levels, the motions are periodic.
However, there exists a wide range of forcing parameters in which chaotic vibrations
occur.

f= 500sin40t m; = kg m,= Ikg xy = 0.005m

Xy ¢=4NS/m k =40000N/m
C -

n WA

k 39— k 575

AN Y

LLLLLLLL

=

Fig.4.32 - 2DOF Mechanical System with Backlash Stiffness Nonlinearity

The system parameters are as shown in figure 4.32 and it was found that when the
forcing amplitude A=500N and forcing frequency w=40rad./s, the motions become
chaotic. As before, the results are presented in the time-, frequency- and state-space
domains as shown in Fig.4.33. However, as the 2DOF system is a four-dimensional
system since there are four state variables {x;,%;,X5,%,}T, the projection of the four-

dimensional Poincaré map onto the x; vsx, plane (2-dimensional) disguises the
fractal/self-similar properties of the true Poincare map.
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4.3.8 EXPERIMENTAL INVESTIGATION

Detailed numerical studies on the chaotic vibration of backlash system have been carried
out and reported alone. However, the question remains. “do chaotic vibration exists in
real practical backlash systems?" To answer this question, an experiment was designed
based on atest structure comprising a simply-supported beam with amass at its midpoint
to simulate the SDOF system, as shown in Fig.4.34. Thefirst natural frequency of the
structure was designed to be around 20Hz with the second mode much higher so that
when the excitation is around 20Hz, the structure behaves effectively like an SDOF
system. The backlash stiffness nonlinearity was introduced by providing motion
constraints on both sides of the mass (figure 4.34) so that the stiffness characteristics of
the equivalent SDOF system can be represented by that shown in figure 4.17(a). The
response was detected by a strain gauge attached on the beam near the mass such that the
measured strain is proportional to the displacement of the mass. A sinusoidal excitation
forceis produced by an electro-magnetic shaker acting on the mass.
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Fig.4.34 - Experimental Model of Backlash System

Asin the numerical studies, periodic as well as chaotic responses were found to exist at
different forcing amplitudes and frequencies. The time response and auto-spectrum of a
chaotic response at excitation frequency f=25Hz are presented in Fig.4.35. A pseudo-

Poincaré map (x(n+l) vs x(n), where x(n) is the sampled response signal with sampling
frequency equal to the excitation frequency which is 25Hz), is shown in Fig.4.36
because in the experimental case, usually only one signal (displacement or velocity) is
available (the simultaneous measurement of displacement and velocity is practically
difficult in some cases and it has been mathematically established [58] that the same
amount of information about the motion of the system can be obtained from the pseudo-

Poincré map instead of the true Poincaré map). From these results, the chaotic nature of
the response is clearly demonstrated. However, it is difficult to compare these results
with those from the numerical calculations because the necessary system parameters of
the experimental rig are difficult to determine.

iy,
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Fig.4.35 - Time Response and Auto-spectrum of Measured Chaotic Response
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Fig.4.36 - Pseudo-Poincare Map of Experimental Chaotic Response

4.4 CONCLUSIONS

In this chapter, the basic theory of chaotic vibration has been summarised and ingredients
which are required in order to understand chaotic behaviour of dynamic systems have
been illustrated. Together with Chapters 2 & 3, a complete picture of all the probable
nonlinear phenomena in structural dynamics and the analysis techniques for identifying
them have been presented.

For the first time, the hidden chaotic behaviour of nonlinear mechanical systems with
backlash stiffness nonlinearity has been studied in some detail both numerically and

experimentally. Particular attention has been paid to the identification of chaotic vibration
in such nonlinear systems. Indeed, as shown in the numerical ssimulations, there exist

wide parameter regions, both in the system parameters and the externa forcing

conditions, for which chaotic vibrations occur. Qualitative as well as quantitative ways of

identifying chaotic vibration in nonautonomous nonlinear systems are presented.

The chaotic behaviour is explained in time-, frequency- and state-space domains. For
detecting the existence of chaotic vibrations, the response spectrum or, more rigorously,
the Poincaré map of the motion, is employed. The fractal dimensions of strange attractors
are calculated and serve the purpose of quantifying the complexity of the motion. The
sengitivity of chaotic motions to initial conditions is examined and the Lyapunov
exponents are calculated, giving further indication of the existence of chaotic vibration.
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The system studied is a singularly simple system whose equation of motion is very easy
to understand physically. Also, as shown in this paper, an experimental model can readily
be constructed to demonstrate the predicted behaviour. Such a system is likely to become
a paradigm for further research into chaos in nonlinear dynamical systems. In mechanical
structures, such nonlinear mechanisms represent the intermittent contact between
components due to manufacturing clearances, and therefore it is expected that many
mechanical systems might exhibit chaotic behaviour under appropriate operating
conditions. Since one of the major consequences of chaos is unpredictability of the
response, it is therefore recommended that statistical methods should be applied to
stress/fatigue analysis when such conditions are anticipated. Furthermore, from a
condition monitoring view point, if a broad-band response can be caused by a purely
sinusoidal excitation (e.g., due to the eccentricity of rotational components), this makes
reliable diagnosis in most cases difficult and creates the necessity of a new understanding
of such nonlinear systems and the development of new techniques so that reliable
diagnosis can be achieved. Further, in the design of mechanical control systems such as
robots, where such backlash stiffness nonlinearity is very likely to exist, care must clearly
be taken at the design stage so that under normal service conditions, undesirable or
unpredictable chaotic motion will not occur.



CHAPTER |5|

LOCATION OF
STRUCTURAL NONLINEARITIES

5.1 PRELIMINARIES

So far, different types of dynamic phenomenon observed in nonlinear structures have
been discussed and techniques for analysing them have been presented. For practica
structures whose nonlinearities are such that the measured first-order FRFs using
sinusoidal excitation (when the amplitude of the excitation force is kept constant) display
the nonlinear behaviour (most practical nonlinearities are of this nature), a new
identification method has been developed in Chapter 2 which can not only quantify the
extent of the nonlinearity, but also identify its type in some cases. On the other hand, for
some nonsymmetric nonlinearities such as the quadratic and bilinear stiffness
nonlinearities, as discussed in Chapter 3, the measured first-order FRFs are effectively
linear and analysis of the higher-order FRFs becomes necessary so that such
nonlinearities can be identified in practice. However, both first-order and higher-order
FRF anayses are largely based on the assumption of periodic-input periodic-output and
for some nonlinear structural systems (chaotic systems), this assumption is no longer
valid. Based on a system with backlash stiffness nonlinearity, qualitative as well as
guantitative ways of identifying chaotic vibrational systems have been presented in
Chapter 4. Some important engineering applications of the techniques developed have
been discussed.
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In this and later Chapters, we shall confine ourselves to the analysis of first-order FRFs
only although we accept that such analysis could, in some cases, be very approximate. It
will be shown how measured first-order FRF data (or their derived modal data), together
with an analytical model of the structure (usually an FE model), can be used to locate the
structure’s localised nonlinearity (Chapter 5) and later how an accurate mathematical
model of a dynamic structure can be established by correlating an analytical model and
measured dynamic test data (Chapters 6 & 7).

5.2 NECESSITIES AND REQUIREMENTS FOR NONLINEARITY
LOCATION

It is usualy believed that, if they exist, structural nonlinearities are localised in terms of
gpatia coordinates as a result of the nonlinear dynamic characteristics of structura joints,
nonlinear boundary conditions and nonlinear material properties such as plasticity. The
ability to locate a structure’s localised nonlinearity thus has some important engineering
applications. First, the information about where the structural nonlinearity is may offer
opportunities to separate the structure into linear and nonlinear subsystems so that these
can be analysed separately based on nonlinear substructuring analysis [69]. Second, since
nonlinearity is often caused by the improper connection of structural joints, its location
may give an indication of a mafunction or of poor assembly of the system. Third, from a
materials property point of view, the stress at certain parts of the structure during
vibration can become so high that the deformation of that part becomes plastic and the
dynamic behaviour becomes nonlinear. In this case, location of the nonlinearity may offer
the possibility of failure detection. Finaly, as will be discussed in detail in Chapters 6&7,
location information is essential if a nonlinear mathematical model of the structure is to be
established.

In practical measurements, the data measured are usually quite limited (both measured
modes and coordinates are incomplete) and this is especially true when a nonlinear
structure is considered, as will be discussed in some detail in Chapter 6. It is therefore
believed that the task of locating a structure’s localised nonlinearity can only become
possible by correlating an analytical model, which may contain modelling errors but can
represent the structure to some accuracy, and the results from dynamic test of the
structure. To illustrate the above argument, consider a typical nonlinear structure (two
linear components connected by a nonlinear joint) as shown in Fig.5.1. Mathematicaly,
the structure possesses a mass matrix [M], which is constant, and a stiffness matrix
[K(®)], which is a function of of response amplitude, if stiffness nonlinearity is
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considered (for the convenience of discussion, the structure is assumed to be undamped).
Clearly, if the impedance matrix [Z(0)] of the structure can be measured, then the
nonlinearity location becomes straightforward as shown in Fig.5.2. However, what can
be measured in practice is the the receptance matrix [a(w)], which is the inverse of
[Z(0)], and in this inverse format the localised stiffness change due to the nonlinearity at
different response amplitudes is spread over the whole matrix, as shown schematically in
Fig.5.3. Of course, one may obtain [Z(0)] by inverting the measured [a(0)] but,
unfortunately, such a process is found to be extremely sensitive to measurement noise
and, therefore, is often not implementable in practice. Hence, it becomes clear that in
order to locate the nonlinearity based on measured data only, all the coordinates and all
the modes of the structure should be measured so that the mass and stiffness matrices of
the structure at different response amplitudes, which are necessary to the location of
nonlinearity, can be reconstructed. This demonstrates the difficulties of using measured
data only to do the location task.

near component

nonlinear joint

Fig.5.1- A typica Nonlinear Structure

[Z@)] a resp. X, [Z(0)] at resp. &, " dtiffness change

Fig.5.2 - Schematical lllustration of Location Process
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Fig.5.3 - Schematical Illustration of Inverse Process

Fortunately, due to the development of analytical modelling techniques, an anaytical
model of a structure can be employed. Although it may contain modelling errors, these
are usually of second order when compared with the analytical model itself in the sense of
the Euclidean norm. With such an analytical model available, it will be shown in this
Chapter that by correlating the analytical model and the measured dynamic test data,
location of nonlinearity can be achieved.

5.3 TECHNIQUE FOR THE LOCATION OF STRUCTURAL
NONLINEARITY

5.3.1 LOCATION USING MEASURED MODAL DATA

The location method developed in this Chapter is based on the correlation between an
analytica model which contains modelling errors and dynamic test data which are
measured at different response levels. A nonlinearity location method based on the use of
measured modal data is discussed first. This method is then extended to the case of using
measured FRF data.

Before discussion, it is necessary to mention that the ‘modes’ of a nonlinear structure are
difficult to define (if indeed they exist at all) in an exact mathematical sense [70-73]
because of the existence of harmonic response components, and so the term ‘modes of a
nonlinear structure’ is used in this Chapter to mean the natural frequencies and
modeshapes which are derived from the analysis of measured first-order FRFs in which
only the fundamental frequency component of the response is of interest. For most
nonlinear mechanical structures, the thus-obtained natural frequencies and modeshapes
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are response levtl dependent. As far as stiffness nonlinearity is concerned, the stiffness
matrix of the structure corresponding to different response levels will be different and,
therefore, if this difference in stiffness matrix can be calculated in some way, the problem
of nonlinearity location can be resolved.

Suppose that the eigenvalues and eigenvectors of the r mode (which is sensitive to the
localised nonlinearity) corresponding to a lower response level, &;, areA;; {9} and those
corresponding to a higher response level, &,, areX,;{9,) and that these have been
obtained from the analysis of measured first-order FRFs (either based on the new
nonlinear modal analysis method discussed in Chapter 2 or based on standard linear
modal analysis methods by linearising the structure using response control). Suppose
also that the analytical model which contains second-order modelling errors
(corresponding to lower response level) is available. Then, from the eigendynamic
equations, the following relationship can be established:

(- ([M] +[AM]) &, + [K,) + [AK]) () = (0) 5-1)
(- (IM,] + [AM] ) A, + [K,] + [AK] + [AK,]) {9, ={0) (5-2)
Post-multiply (S-2) by {¢;}7, then
(hy [AM] + [AK] + [AK]) (65)(01)T = - (- Ma[M] + KD {02} (0)T  (5.3)
Post-multiply (5-1) by {,}T, we have
(4, [AM] + [AK]) (0,)(0,)7 = - (- MIM,] + [KD (01} (62) (5-4)
Subtract (5-4) from (5-3) and rearrange, then
[AM] - A5 {02 (01) T+, (0,) (9} + [AK] ((05) (0,)T - (0:)(02)T) +
[AK,] ({6}(¢;)D) =
Ay M+ (KD (6,) (627 - (- 2 M+ IK(] y (62} (00)" (55)
Since { ¢, } is a perturbed modeshape of {4}, due to the stiffness change of nonlinearity,

(0,3 {0,)T-{0,}{9,)T is of second order compared with {9,3{0;)T in the sense of the
Euclidean norm (one can notice that &l the diagonal elements of’ {97} {®;}T-{0}{¢,)7
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are zero), as a result, if the modelling errors [AK], A,[AM] and stiffness change due to
nonlinearity [AK,,] are of the same order of magnitude (also in the sense of the Euclidean
norm), then to the first order approximation, (5-5) becomes

[AK,] {02} (61T = - A IM] + (K1) {011 {0,)T - ( M5IM,] + [K,]) {6,) {0,)T
(5-6)

As a specid case in which [AK]=[O] and [AM]=[O] (no modelling errors), then (5-6)
becomes an exact statement for [AK,,]. The principle of the nonlinearity location process
based on equation (5-6) is illustrated in Fig.5.4. If the nonlinearity is localised, then
[AK, ] will be avery sparse matrix (only those elements where the structural nonlinearity
islocated are nonzero) and, as shown in figure 5.4, the dominant nonzero elements of the
resultant matrix after the matrix multiplication will indicate the location of localised
nonlinearity. Also, it should be noticed that during the location process, only one
measured mode is required and it is recommended that the mode which is the most
sensitive to nonlinearity in the measured frequency range should be used. Extra modes
can be used to check the consistency and reliability of the location results.

[AK] ' full  matrix - resultant matrix
Fig.5.4 - Illustration of Nonlinearity Location Process

5.3.2 EXPANSION OF UNMEASURED COORDINATES

In the theoretical development of the location method, it is assumed that the measured
coordinates are complete. In practice, however, this is very difficult to achieve because
certain coordinates are physically inaccessible, such as internal DOFs, and the rotational
coordinates are very difficult to measure and so the unmeasured coordinates have to be
interpolated first before the location process can be carried out. This interpolation of
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unmeasured coordinates can be achieved vy using the analytical model itself based on
Kidder’'s expansion method [74].

Although the analytical model contains modelling errors, in order to interpolate the
unmeasured coordinates, it is assumed that the following relationship between the
analytical model and the rth measured and unmeasured sub-modes holds:

Mmm! Ml Kinml (Kl 0
ey v i Lo wal ol } @
Mgl Ml 1 U{og) [Kam] [Kg] J U{0g} {0}

where {¢,,} and {¢,} arethe rth measured and unmeasured sub-modes. Upon multiplying
out (5-7), the following two equations are established

(- 02 [Mpn] + [Kpn]) (0] + ¢ 002 [M] + [KppD) {0} = {0} (5-8)
@2 Myl + [K 1) 0]+ 0F M) + KD () = {0) 59)

Theoretically, {¢,} can be calculated from either (5-8) or (5-9). However, when the
number of measured coordinates is less than that of the unmeasured ones, which is quite
usual in practice, (5-8) becomes underdetermined in terms of the solution of {¢,} (the
coefficient matrix is rank deficient), and it is therefore recommended that (5-9) should be
used to interpolate {¢,} as follows:

(0} = (- 0 M) + [Keg)) ™ (02 Mg - Ky ]) {0m) (5- 10)

It has been found that the interpolation of unmeasured coordinates based on (5-10) is
quite accurate for the lower modes of vibration (this will be further discussed in Chapter
7) and from the nonlinearity location point of view, if some coordinates have been
measured where the structural nonlinearity is located, the thus-interpolated modeshapes
can be used to achieve a successful nonlinearity location. Also, it can be shown
mathematically that the located errors in the above mentioned nonlinearity location process
will only occur in the measured coordinates if the unmeasured coordinates are interpolated
based on (5-10). Thisis briefly illustrated below.

Since (A[M,] + [K, 1) {¢;} (ang similarly (A,[M,] + [K,] ){9,}) on the RHS of (5-6)
can be re-written as:
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Ml Mas] 7 (8,17 [ Kol Krasl 7 ( (6
(xl[Ma]+[Ka]>{¢11=-&2[ ]{{%}f*[ me}}

"L Mg M) ] L(3) [Kem) Kyl J L)
(- @2 Mpm] + KD (0} + (- 62 M ] + [Kpe)) (85)

= (5-11)
(- 62 Myl + [KemD) (8} + (- 62 [M] + [KgoD) (6)

where parameters with A are the modal parameters corresponding to lower response level.
When {8&,} is interpolated based on (5-10), then it is easy to see that in (5-1 1), the
elements corresponding to the unmeasured coordinates (the lower part) are zero and (5-
11) becomes

- A2 Myl + KD (80) + (- 2 [Mpg] + [Kins]) (85) ] (®,)
—{ (0) }
(5-12)

- 82 Ml + [KemD) (8] + (- B2IM] + (KD (§,)

Upon substitution of (5-12), (5-6) becomes

T (R T [R]
AK] (92) (00T = (poyy (@ UL ]

5-13
(0] (5-13)

5.3.3 SENSITIVITY OF MODAL PROPERTIES TO
LOCALISED NONLINEARITY

In order to make the location more reliable, it is recommended that a mode which is
sensitive to the localised nonlinearity should be used in the location process. In order to
determine which mode is the most sensitive one in the measurement frequency range
(corresponding to specific excitation point), first-order constant-force FRFs can be
measured and, as discussed in Chapter 2, the degree of distortion of these measured FRF
data around each mode can be used to give an indication of which is the most sensitive to
the nonlinearity. Accordingly, the mode sensitivity to localised nonlinearity can be
established theoretically. Suppose that a stiffness nonlinearity is introduced between
coordinates x; and x; and a unit (harmonic) force is applied at xy, then to a first-order
approximation, the maximum relative displacement between x; and x; for the rth mode, d,,

can be expressed as
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Oy
d, = = 1% 9 (5-14)
nl’ ml’

Since nonlinearities of practical structures are usually displacement dependent, d, can be
used to quantify the sensitivity of different modes to localised structural nonlinearity.
From (5-14), it can be seen that if the structure is nonlinear, some of the lower modes
will appear to be nonlinear due to their particular modeshapes while the higher modes are
likely to appear linear.

5.34 NUMERICAL CASE STUDIES

A 30DOF mass-spring ‘chain’ model shown in Fig.5.5 is used in the numerical case
study. Cubic stiffness nonlinearity is introduced between x5 and x5 and 40% analytical
stiffness modelling errors are introduced between coordinates x;-x; and x,g-x3¢. When
the excitation coordinate is chosen to be x;, mode 2 is found to be the most sensitive
mode (d;=1.93E-8, d,=3.37E-5, d;=4.83E-7 and d,=3.33E-5 based on (5-14) with 1%
(n,=0.01) proportional damping) to the thus-introduced nonlinearity and therefore is used
in the location process. The point receptances of coordinate x; with a 25% stiffness
change in the nonlinear stiffness element are shown in Fig.5.6, demonstrating the
sensitivity of mode 2 to the localised stiffness nonlinearity (clear shift of the natura
frequency of mode 2).

40% stiffness modelling errors localised stiffness nonlinearity 40% stiffness modelling errors

ks k¢ ki,
E ‘M ......
5 x16

x1

X238 x29 x30

I Fig.5.5 - A Mass-spring Model Used in Numerical Case Studies
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FREQUENCY (HZ)

Fig.56 - FRFs of a;(w) with 25% Stiffness Change of k¢

When the measured coordinates are complete, the location results are as shown in
Figs.5.7-5.9 (3-dimensiona plots showing the absolute values of the elements of a
matrix against its two dimensions) using the modal data of the second mode ‘ measured’ at
two different response levels (the stiffness change of the nonlinear stiffness element
corresponding to the lower and higher response levels is 25% of its original value).
Fig.5.7 shows the stiffness modelling errors [AK] {¢,}{9,}T calculated based on (5-4)
and Fig.5.8 shows the stiffness modelling errors [AK] and stiffness change [AK,] due to
nonlinearity ([AKI+[AK D){¢,} {9, }T calculated based on (5-3). By taking the difference
of these two error matrices, shown in figure 5.7 and Figure 5.8 based on (5-5), the
location of the nonlinearity becomes clear, as shown in Fig.5.9.

Fig.57 - Stiffness Error [AK] { ¢, }( ¢2]T Fig.5.8 - Stiffness Error ([AK]+[AKn]){¢2}){¢l}'~
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Fin.5.9 - Stiffness Error Due to Nonlinearity[AK_] {¢,} {¢, 1T

However, as mentioned, it is unlikely that all the coordinates (which are specified in the
analytical model) will be measured in practice. To simulate coordinate incompleteness of
practical measurements, only the odd numbered coordinates are included as ‘ measured
and the unmeasured (even-numbered) coordinates are interpolated based on (5- 10) using
the analytical model itself. The location results for this case are shown in Figs.5 10-5.12.
Inthis case, since coordinate x,¢ is not measured, the |ocated nonlinearity error is shifted
to coordinates x,5 and x,7 instead of x,5 and x,¢, as shown in Fig.5.12, although the

location task is effectively successfully completed.

Fig.5.10 - Stiffness Error [AK]{¢) ()T

Fig.511 - Stiffness Error ([AKI+[AK, 1) (%) (¢;)]
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I Fig.5.12 - Stiffness Error Due to Nonlinearity [AKn]{(pz}{q)l]']

5.4 EXPERIMENTAL INVESTIGATION

5.4.1 SIMULATION OF STRUCTURAL SYSTEM
WITH LOCALISED NONLINEARITY

To demonstrate the practical applicability of this proposed nonlinearity location method,
an experimental investigation was carried out. The experimental system is an essentially
linear frame structure made of mild steel coupled to an SDOF system with nonlinear
stiffness. This nonlinear SDOF system is simulated using an electro-dynamic shaker by
feeding the displacement signal of its moving table through a nonlinear analogue circuit
and then back to the shaker to produce a force which satisfies a prescribed nonlinear
function F=f(x). Fig.5.13 illustrates the setup of the simulated nonlinear structure.
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Fig.5 13 - Simulated Nonlinear Structure with Localised Stiffness Nonlinearity

FRAME GEOMETRY

The frame structure is made of mild steel with Young's modulus assumed to be
E=2.1x109N/m?2 and density p=7800kg/m3. The geometry of the frame is illustrated in

Fig.5.14.

Yl 20 e 1e e () e19 o188 A

Yo'

‘ A-A(1:3) é “
R\ 4
Als >

o b

25 B

Y Y ) ® 10 ® 1] ® 1D o133 14e] Y

- 813 .

Fig.5.14 - Geometry of the Frame Structure
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SHAKER PROPERTIES

A Ling Dynamics shaker (type No.403) was used to smulate the nonlinear SDOF system
attached to the frame. The effective mass of the moving system of the shaker is mg=0.2kg
and the spring/mass resonance is f,=36Hz. The effective stiffness is therefore
k,=10230N/m (k;=472f2 m,). The SDOF system model of the shaker is shown in

Fig.5.15.

K,
mg —>X

Fig.5.15 - Shaker SDOF Model

According to electro-magnetic dynamics, the force F produced on the coil (figure 5.15) is
proportional to the current | in the coil: F=kl. However, due to the motion of the coil in
the magnetic field, a back emf is produced which is proportional to the velocity of the
coil: e=kx. As a result, the relationship between the force F produced on the coil and the
voltage V applied on the coil becomes F= k(V- €)/(R+i®l) (R, L and ® are coil
resistance, coil inductance and excitation frequency, respectively). Clearly, if F=f(x) (a
prescribed nonlinear function) is to be satisfied, the effect of this back emf must be
compensated so that the force produced is proportional to the voltage applied to the power
amplifier. This compensation can be achieved by using a current power amplifier which
produces a current output (and so the force F) proportional to voltage input regardless of
the loading impedance (which changes dramatically around structural resonances). The
current amplifier and shaker can be looked on as a single unit, as shown in Fig.5.16. The
output/input (1/V) characteristic of this unit when the frame is attached is measured as
shown in Fig.5.17. From figure 5.17, it can be seen that although the effective
impedance of the shaker changes dramatically around the resonance, due to the back emf
effect, the force produced on the coil is always proportional to the voltage applied to the
current power amplifier.
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Fig.517 - Characteristics of Amplifier-shaker Unit around Structural Resonance

ANALOGUE CIRCUIT

The simulated stiffness nonlinearity is required to be a cubic stiffness described by
f(x)=Px3 and the acceleration signal is proportional to the displacement signal when
sinusoidal input is considered. Therefore, the analogue circuit is required simply to
multiply the input signal twice to obtain aBx3 output as shown in Fig.5.18.

T >

Fig.5.18 - Analogue Computer Circuit
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MEASUREMENT SETUP

The measurement setup isillustrated in Fig.5. 19. A Solartron 1254 Frequency Anayser
was used to obtain the frequency response functions of the structure and an HP 9816
computer was used to store and analyse the measured data.

777774
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K :‘ O
-_ O b
§ test structure gz 2 %
/ 5 T8
WI77774
g |F=fR) §§

[]charge amplifier

current power amplifier

low-pass filter

low-pass filter

STIFFNESS NONLINEARITY SIMULATION

analogue circuit

Fig.5.18 - Measurement Setup
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54.2 MEASUREMENT RESULTS

As a preliminary measurement, the frame was tested without the nonlinear SDOF system
(shaker) attached. All 20 trandlational coordinates around the frame were measured using
sinusoidal excitation in the frequency range of 30-300Hz with excitation at coordinate x,
(figure 5.14). The calibration results of the measurement system and typical frequency
response functions measured are shown in Figs.5.19-5.20. In the measurement
frequency range of 30-300Hz, 6 modes were clearly identified (the first resonance is in
fact two close modes as shown in Fig.5.21). All these modes were analysed and the
modal parameters are tabulated in Table 5.1 (in modal analysis, the first two close modes
were treated as single mode because the frequency resolution of the measured FRF datais
not enough for them to be accurately identified and it is not our purpose to do so).

—

Inertance (Log dB.)

Data from FRMCAL]

.0 520.20
30.02 frequency Hz.

[}
E
[~}

Fig.5.19 - Cdibration Results of M easurement

70

. Inertance (Log dB.)

Data from FRMLT!I

8
] 299.95
30.02 Frequency Hz.

Fig.5.20 - Typical Measured FRF Data
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Fig.521 - The First 2 Close Modes of the Frame

From figure 5.20, it can be seen that mode 2 (f, = 97 Hz) is the strongest mode in the
measurement frequency range and is the most sensitive one to the stiffness nonlinearity
introduced between x,, and x,; because of its particular modesnape (see table 5.1).
Accordingly, mode 2 was chosen to study the nonlinear effects of the ssmulated nonlinear
structure. Frequency response functions in the vicinity of mode 2 corresponding to
different response levels (linearised) are measured (in fact, FRFs at different constant
force levels are also measured and analysed as shown in §2.5.5) at al 20 trandlational
coordinates around the structure and some of these are shown in Fig.5.22. It can be seen
that a natural frequency shift of approximately 4Hz is caused by the stiffness change of
the system when it vibrates at different response amplitudes. The measured modal data of
mode 2 corresponding to two different response levels (the response signals were set to
be 0.1v for low vibration level and 2.0v for high vibration level) are analysed and
tabulated in Table 5.2. From Table 5.2, it can be seen that in addition to the 4Hz shift in
the the natura frequency, approximately 10% changes in the modeshapes are observed
due to stiffness change of the system.
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Fig.522 - Measured FRFs at Different Response Amplitudes

5.4.3 LOCATION OF NONLINEARITY

A Finite Element analysis of the structure was performed using the PAFEC package and
the modal parameters of the first 6 modes of the FE model are shown in Table 5.3. A
correlation between the measured modal data and those from the FE model of theframe is
carried out and the MAC value matrix is shown in Table.5.4. From Table 5.4, it can be
seen’ that good correlation has been obtained for modes 2, 3 and 4. However, it is
surprising that good correlation has also been obtained for the first mode (in fact, 2 close
modes) even when it is treated as a single mode in the experimental modal analysis.

MAC FEmode1{ FEmode2{ FEmode3} FEmode4| FEmode 5] FE mode6
matrix

EX mode 1 0.923 0.135 0.000 0.000 0.001 0.048
EX mode 2 0.000 0.004 0.948 0.000 0.001 0.005
EX mode 3 0.000 0.002 0.003 0.985 0.000 0.023
EX _mode 4 0.000 0.000 0.006 0.001 0.959 0.005
EX mode 5 0.006 0.001 0.000 0.000 0.004 0.775

Table5.4- MAC Vaue Matrix

The mass and stiffness matrices of the frame were generated using PAFEC. However,
before these matrices are used to correlate with the measured modal datato locate the
nonlinearity, the shaker characteristics have to be compensated in the FE model. Since
what is of interest is mode 2, the compensation of the shaker properties for this mode can
beillustrated in Fig.5.23. An effective mass m, and stiffness k,, can be calculated based
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on equivalent kinetic and potential energy as m,=0.605mg and k,=0.605k, (m, and k are
the table mass and suspension stiffness of the shaker and they are my=0.2kg and
k=10230N/m).

X0

» v x=1.1 X0

X1

.
Fig.523 - lllustration of Shaker Property Compensation

On the other hand, since in the FE analysis, 3 DOFs (one trandational and two rotational
- bending and torsion) are considered at each point while in the measurement, only the
trandational degree of freedom is measured, the measured modeshapes have to be
interpolated first using Kidder's method as mentioned earlier before they can be used to
correlate with the FE model to locate the structural nonlinearity. The calculated location
results are shown in Fig.5.23. Theoretically, the errors should be contained between two
trandational coordinates (x;o-x1) right in the middle of the plot. However, the errors are
distributed so that amost a third of the coordinates have been contaminated. One reason
for this is that since the exact coordinate where the localised stiffness nonlinearity is
introduced (between x;q and x;;) has neither been measured nor included in the FE
model, this missing coordinate is expected to cause spatial |eakage. Another reason is that
the measured moda data contain measurement errors and these errors may cause this
spread of location results. To check this later possibility, 2% random errors were added
to the measured modal data and the location results (Fig.5.24) show that although the
location results have not been much affected, measurement errors do have the effect of
spreading the location results.
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Fig.5.24 - Located Stiffness Nonlinearity

o

| _Fig.5.25 - Located Stiffness Nonlinearity (2% Noise on Measured Data)

5.5 EXTENSION OF THE TECHNIQUE TO MEASURED FRF DATA

The above developed location technique can be generalised when measured FRF data are
used. Suppose that the ith column {a,(w)}, of the receptance matrix (corresponding to
lower response level Ql) and {o;(w)}, (corresponding to higher response level 5&2)
around the i mode (which is sensitive to nonlinearity) have been measured and, again,
the analytical model which contains second order modelling errors (corresponding to
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lower response level ﬁl', is available. Since the impedance and receptance matrices of a
system satisfy

[Z(o)] [o(w)] =[] (5-15)
by taking the ith column of both sides of (5-15), following equations can be established
(- o (IM,] +[AM]) +[K,] +[AK] ){oy(@)}, = {e;} (5-16)
(- ©F (IM,] +[AM]) +[K,] +[AK] +[AK,] ) {o(w) }, = (€]} (5-17)

where {e;} is avector with its it element equal to unity and all the others zero and , and
o, are the measured FRF data points chosen. Post-multiply (5-17) by ( ai(mj)}T, then

(- 0} [AM] +[AK] +[AK,]) {og(w) ), (0(@) )] =
(- @2 [M]+ K, (o) ), ( 0@ )T + (&) (og(@) )T
(5-18)
Post-mulltiply (5-16) by {c(®,)}7, and we have
(- 02 [AM] + [AKD{0(@), {o5(0))] =
- O IM] +IK,D {00}, (o5(@))] + (&) (@)
(5-19)
Subtract (5-18) by (5-19) and rearrange, then
[AM] (@2 (0(@)) {oy(0))] - @F{og(@)), (oy(@))]) +
[AK] ({o (), (o5(@))] - {o5(@)); {o5(@)] ) + [AK,] (o)), {og(@))]
= M,] (@2 {00}, {0(0))] - @2 (o)) (o(@))7) +
(K] ({og(0)); (@) - (0@}, (0@} ]) + fe}({o(@))] - {o(@))7)
' (5-20)

Unlike the case of location using modal data, here we have the chance to choose o, and
w, properly in the measured frequency range as shown in Fig.5.26 so that following

function is minimised
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T T
o o), {o(@))y - {ai(wi)}T‘ lo{e)l, 1 (5-21)
ope Awj {og(e) ), {a(@pdy i

If the modelling errors [AK], mJ?[AM] and stiffness change due to nonlinearity [AK, ] are
of the same order of magnitude in the sense of the Euclidean norm, then to a first-order
approximation, (5-20) becomes

[AK,] {og(@)}, (@) = IM.] (R {oy(@)}, (05(0))] - o)) {oy(@))7)

+ K] ({og(0) ) {oy(@)] - (0@}, {og(@))] ) + (e} {o(@))] - (o@D
(5-22)

We state here that when mj=mﬂ(the rth natural frequency of the structure corresponding to
the lower response level) and w, =w , (the rth natural frequency corresponding to the
higher response level), (5-22) will degenerate to (5-6) but we shall leave the mathematical
proof of this relationship between (5-18) and (5-6) to Chapter 6. The principle of the
nonlinearity location process based on equation (5-22) is the same as that of (5-6).

Aw.

|
=
3 o) o)

S | resp. level A; resp. level A,

£

é A(Dk

3

(a2

-

Frequency o (rad./s)
Fig.5.26 - Illustration of the Choice of Frequency Points

When the measured coordinates are incomplete, the receptance terms of the unmeasured
coordinates can be interpolated based on following equation which is derived from (5-15)
(the i column of (5-15)):

o el D) {{am<m>}}+[[f<mml ) {{%(w)}}={ g
(Mym] Mgl 1 { {o()) [Kem] (Kl J [ {ay(0)} (0)

(5-23)
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where {a ()} and (a,(0)} are the measured and unmeasured receptances of the ith
column of the receptance matrix. Upon multiplying out (5-23), {o(®)} can be calculated
as

{0 (@) = (- 02 [M,] +[K]) T (@02 [Mgp] - [Kem]) {0 (@) } (5-24)

5.6 LOCATION OF NONLINEARITY AND MODELLING ERRORS
IN ANALYTICAL MODEL IMPROVEMENT

So far, the nonlinearity location technique has been developed and has been verified
numerically as well as experimentally and it will be advantageous here to examine the
relationship between the two applications of (i) nonlinearity location and (ii) modelling
error location of a linear structure in the analytical model updating practice. The
discussion is made in this chapter for the location of modelling errors and will be referred
to from time to time in later chapters because of the mathematical similarity of nonlinearity
location and modelling error location. In modelling error location, [AK,.,] = [O] and what
needs to be located are the dominant modelling errors in [AM] and [AK] (assume the
modelling errors are localised as they usually are in practice).

Following the same reasoning as that used for nonlinearity location, it can be seen that the
localised modelling errors in [AM] and [AK] can be located based on (5-4). Since in the
modelling error location case, [AK]=[O], therefore { ¢, }={ ¢, }={®}, and (5-4) becomes

(A [AM] + [AKD) (0},(0)7 = - (IM,] + [K.D (9),(0)] (5-25)

The modelling error location technique based on (5-25) has been reported in [74] and we
will show herethat it can be generalised when measured FRF data are used.

Using measured FRF data, let {ai((oj)]1={ai(mk)}2={ai(m)},so that (5-19) becomes

(- @2 [AM] +[AK]) {oy(@)) (o5(@))T =

- (- 02 [M,] + [K,D) (o(@)} {oy (@)} T + (e} (o(@))T (5-26)
Again, it can be shown that when w—-w,, (5-26) will degenerate to (5-25). The location

technique given in (5-26) not only generalises the technique developed in [74], but
because every measured FRF data point theoretically contains a contribution of all the
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modes of the structure, the location of modelling errors becomes more consistent. Thisis
illustrated in Fig.527 based on the same mass-spring system used in the numerical case
studies of nonlinearity location. Fig.5.27(a) shows the exact stiffness modelling error
[AK], Fig.5.27(b) shows the error location results [AK] {¢},{6)] based on (5-25) and
Fig.5.27(c) shows the error location results [ AK] {a.(w)} ( ozi(m)}T based on (5-26) . Due
to the specific modeshape of the first mode, the stiffness error introduced between
coordinates x;5-x;¢ has been totally missed out as shown in Fig.5.27(b) whileit is

located as shown in Fig.5.27(c) when FRF data are used.

exact stiffnesserrors(a) location using mode 1 (modal data) (b) location using FRF data round mode 1 (c)

Fig.5.27 - Comparison of Modelling Error Location Using Modal and FRF Data

5.7 CONCLUSIONS

Most mechanical structures are nonlinear to some extent and the nonlinearites are usually
localised. The ability to locate a structure’ s localised nonlinearity has some important
engineering applications. In this chapter, a nonlinearity location technique has been

developed based on the correlation between an analytical model of the structure (which

contains modelling errors) and modal test data which are measured at different response
levels. In the practical case where the measured coordinates are incomplete, an

interpolation technique to estimate the unmeasured coordinates based on the analytical

model has been discussed. The sengitivity of certain modes to localised structural

nonlinearity has been established. It is recommended that a sensitive mode should always
be used in the location process so that reliable location can be obtained. Numerical case
studies have been undertaken to verify the technique developed.

To assess the practical feasibility of the location technique, an experiment was carried out.
A localised stiffness nonlinearity was ssimulated using a electro-dynamic shaker and
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analogue computer circuit based on feed-back system control theory. The experimental
results demonstrate the practical applicability of the proposed method.

It has been shown that the location technique can be generalised when measured FRF data
are employed. Also, the relationship between nonlinearity location and modelling error
location in analytical model improvement has been examined and it can be shown that the
modelling error location method given in [74] can be generalised when FRF data are
used.

The information concerning the location of structural nonlinearities on practical structures
can be used subsequently in nonlinear substructuring anaysis, system falure and
malfunctioning detection and mathematical modelling of nonlinear structures.
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Mode No. 1 2 3 4 5
Nat. Freq. (Hz.) 52.80 97.10 156.59 228.58 258.55
X1 0.657 0.674 0.345 0.408 0.415
Xy 0.490 0.291 0.692 0.682 -0.162
X3 0.152 -0.274 0.547 0.150 -0.605
X4 -0.336 -0.703 -0.134 -0.386 -0.312
Xs -0.502 -0.245 -0.467 -0.229 0.650
X -0.667 0.241 -0.579 0.232 0.569
X7 -0.776 0.760 -0.277 0.553 -0.500
Xg -0.172 0.274 0.448 -0.190 -0.595
Xg 0.280 -0.303 0.679 -0.779 -0.134
mode
X10 0.604 -0.693 0.398 -0.345 0.465
shapes
X11 0.703 -0.7 12 -0.303 0.436 0.408
X129 0.543 -0.303 -0.570 0.829 -0.127
X13 0.150 0.279 -0.426 0.196 -0.513
X14 -0.329 0.708 0271 -0.700 -0.385
X15 -0.512 0.264 0.523 -0.276 0.696
X16 -0.691 -0.238 0.474 0.235 0.586
X17 -0.763 -0.742 0.278 0.490 -0.565
X18 -0.190 -0.291 -0.436 -0.141 -0.479
X19 0.249 0.277 -0.796 -0.882 -0.199
X720 0.606 0.682 -0.340 -0.476 0.357

Table 5.1 Measured Modal Parameters of the Frame
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Resp. Level Low resp. level High resp. level
(0.1v) (2.0v)
Nat. Freg. (Hz.) 92.05 96.03
X; 0.715 0.630
X, 0.325 0.276
X3 -0.266 -0.249
X4 -0.776 -0.688
X5 -0.283 -0.229
Xg 0.211 0.227
X7 0.725 0.691
Xg 0.345 0271
Xg -0.169 -0.251
mode
X10 -0.523 -0.605
shapes
X11 -0.520 -0.602
X129 -0.167 -0.247
X13 0.338 0.265
X14 0.739 0.705
X15 0.211 0.226
X1g -0.285 -0.230
X17 -0.772 -0.684
X138 -0.269 -0.253
X19 0.303 0.258
X20 0.721 0.635

Table 5.2 Measured Modal Parameters of Mode 2 at Different Response Amplitudes
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Mode No. 1 2 3 4 5 6
Nat. Freq. (Hz)  50.36 5141 94.85 152.40 222.88 255.55
X; 0.1624 0.6826  0.7189 0.3553 0.4250 0.4528
Xy  0.4543 0.4306  0.3168 0.7605 0.7680 -0.1704
X3 0.6611 -0.0144  -0.2832 0.4958 0.1755 -0.6282
x4 0.7697 -0.5566  -0.7878 -0.2796  -0.7259  -0.4528
X5  0.2756 -0.6030  -0.2690 -0.5225  -0.2913 0.7256
Xg -0.2756  -0.6030  0.2690 -0.5225  0.2913 0.7256
x7 -0.7697  -0.5566  0.7878 -0.2796  0.7259 -0.4528
xg -0.6611 -0.0144 0.2832 0.4958 -0.1755  -0.6282
Xg -0.4543 0.4306 -0.3168 0.7605 -0.7680 -0.1704
mode X190 -0.1624 0.6826  -0.7 189 0.3553  -0.4250 0.4528
shapes
Xy1  0.1624 0.6826  -0.7 189 -0.3553  0.4250 0.4528
Xyp  0.4543 0.4306 -0.3168 -0.7605  0.7680 -0.1704
Xj3  0.6611 -0.0144  0.2832 -0.4958  0.1755 -0.6282
X14 0.7697 -0.5566  0.7878 02796  -0.7259  -0.4528
X35 0.2756 -0.6030  0.2690 0.5225 -0.2913 0.7256
Xj6 -0.2756  -0.6030 -0.2690 0.5225 0.2913 0.7256
xy7  -0.7697 -0.5566  -0.7878 0.2796 0.7259 -0.4528
Xxyg -0.6611 -0.0144  -0.2832 -0.4958  -0.1755 -0.6282
X19  0.4543 0.4306 0.3168 -0.7605 -0.7680 -0.1704
X909 -0.1624 0.6826 0.7189 -0.3553  -0.4250 0.4528

Table 5.3 First 6 Modes of the FE Model




CHAPTER |6

IDENTIFICATION OF MATHEMATICAL
MODELS OF DYNAMIC STRUCTURES

6.1 PRELIMINARIES

As with the identification of the dynamic characteristics of alinear structure, the ultimate
target involved in the identification of a nonlinear structure is obviously to establish its
nonlinear mathematical model which is afunction of vibration amplitude ((M], [K(&)] and
[CE)] or [DR)]). As will be shown, the establishment of such a nonlinear mathematical
model becomes possible only when, on the one hand, an accurate linear mathematical
model (corresponding to very low vibration amplitude and therefore, can be regarded as
linear model of the nonlinear structure) is available and, on the other, the location
information of the localised nonlinearity is given. Such requirements in the modelling of a
nonlinear structure, which are different from those for the modelling of alinear structure,
are due to the fact that the mathematica model of a nonlinear structure has to be
established on a mode by mode basis as will be explained later in this chapter. Since an
accurate linear model is an essential pre-requisite for the modelling of a nonlinear
structure, most of the effort will be devoted in this chapter to discussions of how an
accurate linear model can be be established.

As discussed in Chapter 5, techniques for locating the nonlinearities (which are usually
localised) of practical structures have been developed and these techniques are further
employed in the modelling of nonlinear structures in this Chapter.
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On the other hand, for the modelling of linear structures (in fact, as will be shown, the
problem of modelling a nonlinear structure is essentialy the same as that for a linear
structure except that in the former case, a series of linearised models need to be
established), a new method is presented in this chapter which tackles the modelling
problem by using the measured frequency response data directly. The method is then
extended to the modelling of nonlinear structures by combining the updated linear model
(corresponding to very low vibration amplitude) and the nonlinearity location results.

6.2 MODELLING OF LINEAR AND NONLINEAR STRUCTURES

Mathematical models of practical continuous structures, both linear and nonlinear, play an
important role in dynamic analysis. They are frequently used in response and load
prediction, modification/sensitivity and stability analysis, structural coupling etc.. Due to
the development of mathematical and physical sciences, the closed-form modelling of
some basic mechanical components such as uniform beams and plates has now become
possible. However, for complicated practical structures, there do not in genera exist
analytical solutions (or if they do, it is extremely difficult to find such analytical solutions)
and therefore some discrete approximate models which can well represent the structure
under given conditions have to be sought so that the dynamic characteristics of the
structure can be analysed mathematically. According to Berman [75], such a discrete
model can be considered as a good model if it will not only predict responses over the
frequency range of interest, but will also be representative of the physical characteristics
of the structure. Thus it must have the capability to predict the effects of changes in
physical parameters and to represent correctly the structure when it is treated as a
component of a large system. It is the establishment of such a physica model of the
structure which is discussed in this chapter.

Basically, there are two ways of establishing a discrete mathematical model of a practical
structure and they are (i) experimental modelling and (ii) theoretical modelling (Finite
Element Modelling). Due to the advances made in measurement instrumentation and
techniques, nowadays it is usually agreed that measured data should be considered as the
true representation of the structure while the FE model - because of the idealisation
involved, lack of knowledge about the structure and difficulty of modelling of boundary
conditions - is usually considered to be inaccurate and therefore should be updated using
measured data if possible. Based on the assumption that the measured data are correct,
two approaches to modelling exist: (i) using experimenta data only to establish a
mathematical model in terms of measured coordinates of interest and (ii) correlating the
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FE model and dynamic testing data to update the FE model. Both modelling activities will
be reviewed and further possible development will be discussed.

As for the mathematical modelling of nonlinear structures, correlation between analytical
model and dynamic testing data becomes essential because, in genera, structura
nonlinearities cannot be foreseen and, therefore, cannot be anaytically modelled but can
be measured. It is believed that the modelling of a nonlinear structure becomes possible
only when an accurate linear mathematical model of the nonlinear structure isavailable. In
addition to the availability of an accurate linear model, location information on the
structural nonlinearity is also essential in most cases so that the number of unknowns
involved in the modelling process can be reduced because, unlike the modelling of a linear
structure, in which the model to be sought is unique and so all the data measured are
consistent and can be used at the same time, the mathematical model of a nonlinear
structure has to be established based on a mode by mode basis so that only one measured
mode is available each time as illustrated below.

Consider the system shown in Fig.6.1. In measurement, in order to linearise the
structure, the response amplitude of a chosen point (x,, for example) is kept constant.
Then, when the excitation frequency w=w; (around the ith mode), the displacements of all
coordinates are determined by the ith modeshape and therefore, the relative vibration
amplitude of the nonlinear stiffness, which determines the value of equivalent linearised
stiffness, can be considered to be proportiona to the vibration amplitude of x;. Thisis
especialy true when the mode to be analysed is well separated from its neighbours.
However, when the excitation frequency is around the jth mode, w=w;, for the same
vibration amplitude of x; (assuming this to be possible), the relative vibration amplitude
of the nonlinear stiffness will also be proportional to the amplitude of x;, but will be
different in magnitude from that of the ith mode because these two modeshapes are
different. Therefore, even when the response amplitude of a certain coordinate (x; in this
case) is constant, the data measured around different modes could be the data from
different linearised systems and this means that only one measured mode can be used each
time in the modelling of a nonlinear structure due to the inconsistency of measured data.
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FE model and dynamic testing data to update the FE model. Both modelling activities will
be reviewed and further possible development will be discussed.

As for the mathematical modelling of nonlinear structures, correlation between analytical
model and dynamic testing data becomes essential because, in genera, structura
nonlinearities cannot be foreseen and, therefore, cannot be anaytically modelled but can
be measured. It is believed that the modelling of a nonlinear structure becomes possible
only when an accurate linear mathematical model of the nonlinear structure isavailable. In
addition to the availability of an accurate linear model, location information on the
structural nonlinearity is also essential in most cases so that the number of unknowns
involved in the modelling process can be reduced because, unlike the modelling of a linear
structure, in which the model to be sought is unique and so all the data measured are
consistent and can be used at the same time, the mathematical model of a nonlinear
structure has to be established based on a mode by mode basis so that only one measured
mode is available each time as illustrated below.

Consider the system shown in Fig.6.1. In measurement, in order to linearise the
structure, the response amplitude of a chosen point (x,, for example) is kept constant.
Then, when the excitation frequency w=w; (around the ith mode), the displacements of all
coordinates are determined by the ith modeshape and therefore, the relative vibration
amplitude of the nonlinear stiffness, which determines the value of equivalent linearised
stiffness, can be considered to be proportiona to the vibration amplitude of x;. Thisis
especialy true when the mode to be analysed is well separated from its neighbours.
However, when the excitation frequency is around the jth mode, 0=w;, for the same
vibration amplitude of x; (assuming this to be possible), the relative vibration amplitude
of the nonlinear stiffness will also be proportional to the amplitude of x;, but will be
different in magnitude from that of the ith mode because these two modeshapes are
different. Therefore, even when the response amplitude of a certain coordinate (x; in this
case) is constant, the data measured around different modes could be the data from
different linearised systems and this means that only one measured mode can be used each
time in the modelling of a nonlinear structure due to the inconsistency of measured data.
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Fig.6.1- Illustration of Inconsistency of Measured Data of a Nonlinear Structure

Although the inevitable limitations of measured data could present a problem, the greatest
difficulty involved in the modelling of a nonlinear structure, as will be shown, is the
establishment of an accurate linear model. When such alinear model is available, by using
the measured frequency response data together with location results of the nonlinearity,
the modelling problem can be resolved in most cases. For this reason, most of the space
in this Chapter will be devoted to a discussion of how to obtain an accurate linear model
of a structure by correlating the analytical model and measured dynamic test data.

When the identification of structural dynamic characteristics is undertaken by both
theoretical analysis (normally FE analysis) and experimental modal testing, discrepancies
often exist between the vibration characteristics predicted by the theoretica model and
those identified experimentally. In such cases, the analytical model needs to be modified,
if practically necessary, so that it represents more accurately the dynamic characteristics of
the actua structure. When both the analytical model of a structure and experimental modal
testing data are available, analytical model improvement can be mathematically formulated
as described below.

Given the analytical mass matrix [M,] and stiffness matrix [K,] (containing modelling
errors [AM] and [AK]) and dynamic testing data, which can be either modal data ['®2.]
and [¢] or frequency response data [a,(0)] (but in both cases incomplete in terms of
measured modes and/or coordinates), then by correlating the anaytica model and
measured data, the former can be updated so that it better represents the dynamic
characteristics of the actual structure.

6.3 REVIEW OF ANALYTICAL MODEL IMPROVEMENT METHODS
As mentioned earlier, there exist two different branches of modelling activity, these being

modelling using experimental data only and modelling based on the correlation between
an analytical model and experimental data. For mathematical modelling via direct use of
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measured modal data, there have been attempts in recent years to use results of dynamic
testing to identify the parameters in the equations of motion directly, but it is generaly
believed that unless the number of measured modes is greater than or equal to the number
of coordinates of interest, a mathematically unique model cannot be obtained [76-79]. A
survey of the work on the mathematical modelling using measured modal data only was
conducted in 1969 by Y oung and On [76]. In 1971, Berman [77], assumed a simple form
for the mass matrix and then used the limited measured modes to construct a mass matrix
by invoking the orthogonality equations. This mass matrix is then used together with the
measured modes to construct the so-called ‘incomplete’ stiffness matrix: ‘incomplete’
because the contribution of all the unmeasured higher modes (which is usually the major
part) to the stiffness matrix has not been included. Link [78] used a multi-point excitation
technique (more than one excitation forces) to establish the mass, incompl ete stiffness and
incomplete damping matrices using measured force and response data. Luk [79]
employed the incomplete modal data set and used the pseudoinverse to calculate system
matrices which are minimum 2-norm least-squares solution in a mathematical sense. The
possibility of establishing a complete mathematical model when the measured data contain
less modes than the number of coordinates remain to be investigated.

Alongside these studies, a number of methods have been published in the literature to deal
with analytical model improvement by correlating FE models and measured data. The
philosophy behind this practice is that the analytical model, while containing modelling
errors, is assumed to represent the structure with some accuracy so that the limited
measured test data available will offer the possibility of updating it (otherwise the
modelling problem will become the same as that of using experimental data only). Based
on an inverse first-order sengitivity analysis, and considering the random nature of
measurement errors, Collins et a [80] employed an iterative procedure to adjust their
analytical model so that the difference between the measured and analytical modal datais
minimised in terms of the Euclidean norm. Later, Chen/Garba [81] modified this
procedure by introducing matrix perturbation concepts to avoid the need for an
eigensolution at every iteration (which is required in the formulation in [80]). Lallement
[82] extended the method in [81] to pinpoint first where the significant errors are located
and then to reduce the number of unknowns to improve the solution condition. On the
other hand, based on the assumption that the mass matrix is correct, Baruch/Itzhack [83-
84] introduced a kind of objective function together with an orthogonality property so
that the analytical modes are optimised in such away that they are closest to the measured
ones in a weighted Euclidean sense. These optimised analytical modes are then used to
derive the updated stiffness and flexibility matrices. Berman later extended this theory to
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whole system matrix updating, simple eigendynamic equations are used in [86] to locate
the magjor modelling errors first and then to employ the limited measured modes to turn the
updating problem into an overdetermined one. All these above-mentioned activities are
based on the correlation between an analytica model and measured modal data and the
completeness of measured coordinatesis, in most cases, critical.

Recently, there have aso been publications on the identification of mass, stiffness and
damping matrices in terms of measured coordinates of a system from measured FRF data.
Fritzen used an Instrumental Variable method to identify system matrices based on the
measured force and response data [87]. Mottershead/Stanway extended the time domain
invariant imbedding filter to the frequency domain to estimate system parameters [88].
Foster/Mottershead later extended the method in [88] to allow correction of reduced-order
finite element model (Guyan-reduced and so fully-populated) by minimising the
difference between the analytical and identified models [89].

In the following section, a new advantageous model updating method is developed which
tackles the problem by using the measured frequency response function data directly. The
new method is then extended to the case where the structure to be modelled is nonlinear.
The advantages of using FRF data over modal data to update an analytical model are
demonstrated. It is shown that model updating methods based on modal data are, in a
broad sense, discrete versions of the present generalised method where only FRF data at
resonance frequencies are employed. Based on this method, the uniqueness of the
updating problem is discussed in some mathematical rigour. Specia attention is given to
the application of the method to the case where both measured modes and coordinates are
incomplete. The practical applicability of the method is assessed based on the GARTEUR
exercise which is intended to represent practical problems in terms of the incompleteness
of both measured modes and coordinates.

6.4 MODEL UPDATING USING FRF DATA - A NEW
GENERALISED METHOD

6.4.1 DESCRIPTION OF THE METHOD

The development of the model updating method described here is based on the following
mathematical identity:

[[A] + [B]] "' =[A] "'~ [[A] + [B]] " [B] [A] ! (6-1)
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where [A] and [B] are two complex matrices satisfying the condition that both [A] and
(JA]+[B]) are nonsingular. To check the validity of equation (6-1), premultiply both sides
of (6-1) by ([A]+[B]), since it is nonsingular, so that (6-1) becomes:

[I1=[1]+[B][A]'-[B][A] ! =[I] (6-2)

Now, if we assume that [A] is the impedance matrix of the anaytical system [Z,(0)] and
that ([A]+[B]) is the impedance matrix of the experimental system [Z,(w)], then equation
(6- 1) becomes.

[Z,(@)] 1 = [Zy(@)] ! - [Z,(0)] ! [Z,(®)] - [Zy(@)]) [Z,(e)] ! (6-3)
Rewriting (6-3) in its more familiar receptance and impedance error form, we have
[Ao(w)] = [o ()] - [t ()] = - [o, ()] [AZ()] [0,(@)] (6-4)

where [AZ(0)] is the impedance error matrix defined as [AZ(®)]=[Z,(®)]-[Z,(®)]. In
what follows, it will be shown how equation (6-4) can be used to solve the updating
problem uniquely when one complete column of the receptance matrix is measured and
how it can be extended to cases where the measured coordinates are incomplete.

In the case where one complete column (the ith) has been measured, then (6-4) can be
rewritten in terms of measured and analytical receptance terms as

{aa(w)}f - {o, (W) }T = {0, (o) ]? [AZ(w)] [0,(w)] (6-5)

this formula being obtained by simply taking the ith row of both sides of equation (6-4).
In analytical model updating, the physical connectivity of the analytica model should
usually be respected and therefore the updated model should have the same physica
connectivity as that of the analytical model, i.e. the modelling errors can only occur where
the elements of mass or stiffness matrix are nonzero. Further discussions on the necessity
and mathematical validity of preserving the physical connectivity of the analytical model
will be given in Chapter 7. Also, in general, the physical connectivity of the damping
matrix can be assumed to be the same as that of the stiffness. Upon substitution of
[AZ(0)] in (6-S) in terms of [AM], [AK] and [D] and transpose, equation (6-5) becomes:

(og(@)}; - (o (@) = [0, ()] (-02[AM] + [AK] + i[D]) {e, (@)} (6-6)
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Consider the physical connectivity of the analytical model and let the design variable
changes in the mass matrix be Am, (r=1, L; where L, is the total number of independent
design variables in mass matrix which could be individual nonzero elements, as in the
case of mass spring systems, or coefficients of element mass matrices as in finite element
models), in the stiffness matrix be Ak, (s=I, L,) and in the damping matrix to be d, (s=,
L,). Then, it can be shown that every element b;(w) (j=1,N where N is the number of
total degrees of freedom specified in the analytical model) of the RHS of (6-6), whichisa
vector, can be expressed as a linear combination of the changes of al design variables as:

Ll L2 L2
bw) = D ci(w) Am, + Y ci(@) Ak, + 3. cf(w) d; = {Ci(@))T (P} (6-7)
s =1

r =1 s = |

Here { Cj((o)} is the known coefficient vector formed using { o, (®)} and [a,(0)] and {P}
is an unknown vector of design variable changes. Also, for a specific frequency vaue o,
bj=bj(®) (j=1,N) are known as the difference between analytical and experimental
receptance of coordinate x; (with excitation being applied at x;). Therefore, from (6-6),
the following linear algebraic equations in terms of unknown design variable vector {P}
can be established

[C(w)] (P} = {B(w)} (6-8a)

. - A

(Cy(@)T o by(®)

{Cy())T Amy, by()
Ak,

where [C(0)] = {P} = ) and (B(0)) =
AkL2
d1
T
{Cy(@)}” - d°L2‘ bn(w)

In the presence of damping, [C(0)] and (B(0)) become complex, while {P) is known to
be real, and equation (6-8a) can be reformulated to solve for { P} as:

[Re([C(w)])J {Re({B(w)})}
(P} = (6-8b)
Im([C(w)]) Im({B(w)})
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To illustrate how the coefficient matrix [C(0)] can be obtained, consider a smple two-
mass and three-spring 2DOF system with its analytical mass and stiffness matrices as
follows:

ki+ky, -kj ]

_ my 0
[Ma] = [ 0 m2] and [Ka] = [ -k2 k2+k3 (6-9)

Suppose the first column of the receptance matrix of the ‘experimenta’ system is
measured, then (6-6) becomes:

1 (@)- 0y (w) _ (01(0) ,0,5(0) ] [-0*Am,+Ak,+Ak, -Ak, xa“(co)}
21 (@)-,05,(©) | T | 0, (0) ,055(00) -Ak, -0?Am+ Ak, +AK, | {,02:(®)

Am
2 2 1
[-m 0y 07 0y 0y oy 0y (07, 05)( 007, 0) 0y Oy :l Am,
Ak (6- 10)

1

Ak,
Ak3

2 2
07,0y 0 ~07 0y 0y Oy 0y ((0517,05)( 0417, 0g) |, Cpy 0y

where the frequency term has been dropped from the RHS of (6-10) to save space.
Comparing (6-10) with (6-8a), the coefficient matrix [C(0)] and vector (B(0)) are
obtained.

Equation (6-8a) (or (6-8b) in the case where damping exists) is obtained using the
analytica and measured receptance data at one frequency point, but when j frequency
points are used, then the total number of linear algebraic equations become j times as
many as that of using one frequency point and (6-8a) (or (6-8b)) becomes a set of
overdetermined algebraic equations. In order to solve for (P) in this case, the best
technique available is the Singular Value Decomposition (SVD) which is described in
Appendix 1. Since no approximation has been made during the formulation of the
problem, {P} can be solved directly. After {P} is calculated, and together with the
analytical model itself, the updated system matrices can be determined uniquely. Also, it
should be noted that in this case, no assumption has been made concerning the
magnitudes of the error matrices [AM] and [AK].

The assumption that measurements are made in all the coordinates which are specified in
the analytica model is, in most cases, unredlistic because in many cases. certan
coordinates are physically inaccessible, such as the internal DOFs, and the rotation
coordinates are notorioudy difficult to measure. When the measured coordinates are
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incomplete, as will be discussed in Chapter 7, direct solution of the updating problem is,
in general, impossible and some sort of iteration scheme has to be introduced. Suppose
one incomplete column { &, (w) }; has been measured, then the multiplication of the RHS
of (6-6), which requires the complete vector {o,(®)};, can no longer be carried out

exactly and some approximation has to be introduced.

Filling the unmeasured coordinates of { o, (w)}; in (6-6) with their analytical counterparts
and then carrying out the multiplication of the RHS of (6-6) in the same way as for the
complete coordinate case leads to the following linear algebraic equations which are the
first order approximation:

[U()] {P} = {V(w)) (6-11)

where [U(w)] and { V(w)} are obtained in a similar way to [C(0)] and (B(0)) in the case
where measured coordinates are complete. However, in addition to the the approximate
nature of (6-1 1), the total number of linear algebraic equations involved in (6-11) is n
when data one frequency point are considered while in (6-8), the number is N (n&N
where n is the number of measured coordinates and N is total number of degrees of
freedom specified in the analytical model). Again when more frequency points are used,
(6-1 1) can be turned into an overdetermined set and a least-squares method (SVD) can be
used to solve for {P). Of course, the thus obtained {P) is only the first order
approximation and an iteration scheme has to be introduced in order to obtain the exact
solution.

Also, it should be mentioned that in the case where the measured coordinates are
incomplete, the updating problem formulated in (6-1 1) is, mathematically, based on a
particular form of matrix perturbation analysis. Therefore, in order to guarantee
convergence of the iteration process, some restriction may have to be made on the
difference between the anaytical and experimental models. This restriction is that the
Frobenius norms of the error matrices should be of second order when compared with
those of analytical mass and stiffness matrices (it is found that the convergence is largely
determined by the difference of these two models in the modal domain rather than the
spatial domain and the Frobenius norm is more closely related to the modal characteristics
of the system than any other norms), that is:

IAMIlg IAKII

m <¢ and m <& where llAllg= (6-12)
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Although € varies from system to system, computational experience shows that for
dynamical systems, the maximum value of € can reach 0.3. Since the norm is taken in its
Frobenius form and the modelling errors are usually localised, the relative amplitudes of
modification for individual design variables can be more than 100% as shown in the
numerical case studies below.

6.4.2 NUMERICAL CASE STUDIES

The first system studied here is an 8DOF mass-spring system as shown in Fig.6.2. This
model has been used previously by several authors in model updating analysis exercises
[86] and [90]: one of its noticeable features is that trandational as well as rotational
motions are permitted, and that the mass matrix is not diagonal.
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Fig.6.2 - An 8DOF System Used in Numrical Case Studies

When one complete column of the receptance matrix (column 1 in this numerical study)
has been measured, the solution of the updating problem is unique and the procedure
involved is direct since no approximation has been introduced in formulating the problem
as discussed in §6.4.1. The analytica model is an undamped system with mass and
stiffness matrices shown in Tables 6.1&6.2. The ‘experimenta’ model consists, in
generd, of mass, stiffness and damping matrices which are

M,] = rlig[Ma] ;[K,) = 125 [K,] and [D] = 0.02 [K,]  (6-13)
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1.0833 0 0 0 0.9166 0 0 0
0 1.0833 0 0 0 0.9166 0 0
0 0 1.0833 0 0 0 0.9166 0
0 0 0 1.0833 0 0 0 0.9166
0.9166 0 0 0 1.0833 0 0 0
0 0.9166 0 0 0 1.0833 0 0
0 0 0.9166 0 0 0 1.0833 0
0 0 0 0.9166 0 0 0 1.0833
Table 6.1 - Analytical Mass Matrix (kg)
4. 0E+5 {-2.0E+5 0 0 0 0 0 0
-2.0E+5 {4.0E+5 {-2.0E+5 0 0 0 0 0
0 -2.0E+5 {4.0E+5 |{-2.0E+5 0 0 0 0
0 0 -2.0E+5 {4.0E+5 0 0 0 0
0 0 0 0 4.0E+5 }-2.0E+5 0 0
0 0 0 0 -2.0E+5 {4.0E+5 {-2.0E+5 0
0 0 0 0 0 -2.0E+5 {4.0E+5 {-2.0E+5
0 0 0 0 0 0 -2.0E+5 | 4.0E+5

Table 6.2 - Analytical Stiffness matrix (N/m)

Based on equation (6-8a), FRF data for 10 different frequency points (which were
randomly chosen in the ‘measured frequency range) were used each time to construct
[C(0)] and {B(0)) and as expected, the updated model is always exact regardless of the
number of modes which are included in the * measured frequency range (‘ measured” FRF
data covering the first mode, the first two modes and the first three modes were
considered and the mathematical proof will be given later to illustrate this point). Fig.6.3
shows the anaytical, measured and regenerated (using the updated model) point
receptances at coordinate x; in the case the measured FRF data only covering the first
mode. As shown in Fig.6.3, not only the exact mass and stiffness matrices of the
‘experimental’ system are recovered, but aso the exact damping matrix of the
‘experimental’ system.
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Fig.6.3- Analytical, Measured and Regenerated Point Receptances at Coordinatex;
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In order to consider the practical situation where the measured frequency response data

are contaminated by noise, 1% uniformly distributed noise was added to the ‘ measured

frequency response function data and the above calculations were repeated. In al three

cases (‘measured’ FRF data covering the first mode, the first two modes and the first

three modes), it was found that the first iteration gave an estimation of errors to within

10% and after 2 or 3 iterations, the estimation error can be brought within 1% (for the
stiffness and mass matrices but not damping). No further improvement is possible

because of the presence of noise in the measured FRF data. The iteration strategy was
introduced because in this case of data contaminated by noise, the effect of noise on the

accuracy of estimation becomes less severe when the two models become closer. Again,

the analytical, measured and regenerated point receptances of coordinate x, are shownin

Fig.6.4, from which it is clear that the damping of the experimental system is
underestimated because the existence of noise has drowned the effects of damping on off-

resonance frequency response data. This demonstrates the difficulties involved in the
damping property investigation of practical structures since the influence of damping on

the frequency response data (off resonance) is always of second order. This problem of
noi se effecting the damping estimation can be overcome by smoothing the measured FRF
data first or by using the data points around system resonances during the updating
process.
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Fig.6.4 - Analytical, Measured and Regenerated Point Receptances a Coordinate x,( 1% noise)
----- analytical, .............. measuredand —_ regenerated

When the measured coordinates are incomplete, the updating procedure is the same as for
the case of complete coordinates except that during the formulation of equation (6-11), the
unmessured parts of the receptance { o, () }; are replaced by their analytical counterparts
{o,(@));. In this numerical case study, 4 coordinates x;, x3, xg and xg are supposed to be
measured. The analytical model is the same as that shown in Tables 6.1&6.2 and the
‘experimental’ model isthe analytical one perturbed in such away that 30% stiffness
modelling errors and 2% |ocalised damping are introduced between coordinatesx;-x, and
X7-Xg, 8s shown in Fig.6.5. The point receptances at coordinate x; for each of these two
models are shown in Fig.6.6. The mass matrix is assumed to be correct in this numerical
case study although the method is equally applicable for the case of mass matrix updating
as will be shown in the case study of GARTEUR structure in §6.4.4.

Stiffness error matrix Damping error matrix

Fig.6.5 - Exact Stiffness Error and Damping Matrices
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Fig.6.6 - Analytica and Experimental Point Receptances of Coordinate x|
anadytical, ... experimental

The program flow-chart for solving equation (6-1 1) iteratively isillustrated in Fig.6.7. As
in the case of a complete set of measured coordinates, FRF data at 10 different frequency
points were used in each iteration. Again, data covering a frequency range of just the first
mode, the first two modes and the first three modes was investigated and it was found
that in al these three cases, the error for the estimation (for the stiffness matrix) was less
than 1% after 10 iterations. The iteration results for the case of data covering just the first
mode are presented in Fig.6.8. The convergence criterion was chosen to be the relative
norm (Euclidean) changes (see figure 6.7) of the stiffness and damping matrices of two
successive iterations and it can be shown mathematically that under this criterion, the
convergence is absolute (if it converges, it will converge to the true solution). As
expected, the damping matrix converges more slowly than the stiffness matrix and only
after the stiffness matrix has been obtained to some accuracy does the convergence of the
damping matrix becomes faster.
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measured incomplete complete analytical model
receptance data [ 0y ()]
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calculate [U( @] and {V(0)} based on (6-1 1) and |
caculate [NI£=IIKH p III{III éar)lil condition( number
Y of [U( w)]

choose different points| NO
or increase the number
of points

YES

solve [U(0)] {P) = (V@)} and modify [M] [K] [H]
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N<N, C«<¢e€ iteration time N

N< No ?
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C>¢

solve eigenvalue problem in terms of [M], [K] and

[H] and calculate [ af @] for the next iteration '
\ \J
Iteration Failed
Updated
Analytical (reduce the number of unknowns
Model Or measure more data)

Fig.6.7 - Program Flowchart for Analytical Model Updating
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During the calculation, it was found that when the stiffness modelling errors were greater
than 35%, convergence became a problem (for this specific case). It is therefore
considered that if the modelling errors are localised and there are some ways of locating
them, then the number of unknowns involved in the updating process can be reduced and
hopefully the restrictions imposed by the origina assumption (the Euclidean norm of the
modification should be of second order) can be relaxed. To illustrate this point, some
100% stiffness modelling errors are introduced to the same basic system mentioned above
and the modelling errors are located in the ways which have been discussed in some detail
in Chapter 5. After the location, only the unknowns which contain modelling errors are
retained in the updating process. Even when measured FRF  data covering only the first
mode are used, convergence of the results was obtained.

From what is shown in Fig.6.7, a complete eigensolution of the anaytica system is
necessary during each iteration. For large practical problems, this could lead to a huge
amount of calculation and so, if possible, this complete eigensolution should be avoided.
This will be discussed in some detail later on in this Chapter.

6.4.3 EXTENSION OF THE METHOD TO THE MODELLING
OF NONLINEAR STRUCTURES

The above devel oped method can be extended to the case where the structure is nonlinear.
As mentioned before, when a structure to be modelled is nonlinear, its mathematical
model has to be established on a mode by mode basis because of the inconsistency of
measured data (even when response control is used to linearise the structure, the FRF data
measured around different resonances could be the data from different linearised systems
due the different modeshapes). For this reason, a mathematica model of a nonlinear
structure cannot, in general, be established based on the use of measured modal data
because, even when the nonlinearity location information is given, the data for one mode
are, in most cases, insufficient for the problem to be solved. In order to establish a
mathematical model of anonlinear structure, it becomes essential that measured frequency
response function data should be used instead of modal data.

It is assumed here that the nonlinearity of the structure is localised, as is usualy the case
in practice, and that the linearised frequency response functions corresponding to different
response levels are measured. Also available is an analytical model of the structure which
may be in error for the linear part (corresponding to very low response amplitude). What
needs to be established is a mathematical model of the nonlinear structure corresponding
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to these different response levels. Numericcl cases of both complete and incomplete
measured coordinates were investigated but only the results of the incomplete coordinates
case are given here.

The analytical model used isthat shown in Tables 6.1&6.2 and the ‘ experimental’ model

corresponding to the lowest response level is the same as the ‘experimental’ model used
in the numerical case study of incomplete coordinates in §6.4.2 with stiffness and
damping error matrices previously shown in Fig.6.5. Both cubic stiffness and quadratic
damping nonlinearities are introduced between x3-x4 and are studied separately. Four
coordinates are supposed to be measured x;, x3, X and xg and the point receptances of
coordinate x,; corresponding to different response levels for the case of stiffness and
damping nonlinearities are illustrated in Fig.6.9 in the frequency range of mode 3. First,
the analytical mode is updated using the measured frequency response functions
corresponding to the lowest response level to obtain an accurate base-level (‘zero’

amplitude) linear model of the nonlinear structure. Then, based on this linear model and
the measured FRF data at higher response amplitudes, the nonlinearity can be located in
the ways discussed in Chapter 5. After the location has been made, only those unknowns
corresponding to the nonlinear region are retained and, therefore, only the FRF data
around one mode are necessary (mode 3 in this case study) to identify the mathematical

model of the nonlinear structure (in fact, the only data available due to the inconsistency).
The calculated stiffness and damping changes versus nondimensionalised response levels
of coordinate x; are plotted in Fig.6.10. Clearly, the cubic stiffness and quadratic

damping features of the nonlinearities are demonstrated.

RECEPTANCE
Log Mag
{m/s/7a/N)

94.00 Frequency Hx. ® am 03.2% Frequency Hz. e.5@

stiffness nonlinearity damping nonlinearity

Fig.6.9 - FRFs of a Nonlinear Structure with Stiffness and Damping Nonlinearity
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Fig.6.10 - Calculated Stiffness and Damping Changes Versus Response Levels

6.44 APPLICATION OF THE METHOD TO THE
GARTEUR STRUCTURE

In the previous section, numerical case studies based on an 8DOF mass-spring system
have been carried out to verify the new method and here an FE model of a more complex

structure is considered. In general, as for the global mass and stiffness matrices, the mass
and stiffness error matrices [AM] and [AK] can be expressed as linear combinations of

element mass and element stiffness matrices [my] and [k ] which have been appropriately

(according to their positions in the global mass and stiffness matrices) expanded to the
global dimension of the system, respectively, as.

Nl Nl
[AM] = Y BJdm] and [AK] = D 7y.lk] (6-14)

s =1 s=1

where N, is the number of elements, B, and 7, are the design variable changes associated
with the st element, [m,] and [k,] are the sth expanded element mass and stiffness
matrices. |n the case when the measured coordinates are incomplete, replacing the
unmeasured receptance terms in {a,(w)}; (on the RI-IS of (6-6)) by their analytical
counterparts and substituting [AZ(w)]=(-w?[AM]+[AK]) into the RHS of (6-6), with
[AM] and [AK] being expressed in (6-14), the RHS of (6-6) becomes a vector with each
element being alinear combination of al the unknown coefficients B, and ¥ (s=1,N;) and
(6-6) becomes:
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( ai(@) - oy - (6

xah((l)) aah((ﬂ) all((l)) 312(0)) c e alZNl((D) 1

L02i(®) - ag(w) az1(W) az(w). . . axN,(®) .
< . - . . . . . . < BNI (6-15)

N

(@) - 0ni(@). ' Lan@) anp(@) .+ . . agan,(@).] Uy

Deleting the rows on both sides of (6-15) where the <@ (@) terms have not been
measured, the following reduced-order linear algebraic egquations are obtained:

[A(@)] {P} = {Ac(w))} (6-16)

where [A(0)] and {Aa(w)} are known for specific frequency . Again, equation (6-16)
is based on FRF data at one frequency point. When data for a number of frequencies are
used, (6-16) becomes overdetermined and the SVD technique can be used to solve for
(P} and then to reconstruct the updated analytical model. Since some approximation has
been made during the formulation of (6-16) due to the incompleteness of measured
coordinates, the updating problem has to be solved iteratively, as discussed in §6.4.1.

A plane truss structure as shown in Fig.6.11, which is a part of the GARTEUR structure
as will be explained in next Chapter, is studied. In the formulation of FE model, 3DOFs
(two trandationa and one rotational as shown figure 6.11) are considered. As compared
with the previous mass-spring system, this example is larger in dimension and more
typical because it is formulated based on area structure. Modelling errors are introduced
by overestimating the mass matrix for the 18th element (nodes 17-18) and the stiffness
matrices for the 11t and 12th element (nodes 10-12) by 100% (notice that in this case, the
€ = IAKIIE/IK Il = V2/4/19 = 0.324). The exact mass and diffness error matrices are
shown in Fig.6.12. One incomplete column of the receptance matrix of the ‘experimental
model - al the odd numbered nodes with their trandational degrees of freedom (u,v) - is
supposed to be measured over a frequency range covering just the first 5 modes and some
of the measured and analytical frequency response functions are shown in Fig.6.13.
Based on (6-16), FRF data at 20 frequency points were randomly chosen for each
iteration in the measured frequency range to construct the coefficient matrices [A(o)] and
{Ao(w)} and the iteration results are shown in Fig.6.14.
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Error Stiffness Matrix (first iteration)

Error Mass Matrix (third iteration) Error Stiffness Matrix (third iteration)

Error Mass Matrix (7t iteration) Error Stiffness Matrix (7t iteration)

Fig.6.14 - Iteration Results
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6.4.5 SOME CONSIDERATIONS ON THE COMPUTATIONAL ASPECTS

As shown in the numerical case studies, complete eigensolution of the updated system is
required during each iteration when the measured coordinates are incomplete. Although
computation is becoming cheaper as more powerful computers being produced at lower
cost, this complete eigensolution is often computationally expensive, especialy when
systems with big dimensions are considered. It is therefore necessary to discuss some
computational aspects of the eigenvalue problem so that computational effort involved can
be minimised.

If al the eigenvalues and eigenvectors of a matrix are of interest (the complete
eigensolution), the LR and QR agorithms [91], which are the most effective of known
methods for the general algebraic eigenvalue problem, can be used. Both methods use a
reduction of the general matrix to triangular form by similarity transforms, but the
reduction is achieved by non-unitary transform in the LR agorithm whileit is achieved by
unitary transform in the QR algorithm which is numerically more stable. On the other
hand, if only some of the eigenvalues and their corresponding eigenvectors are of interest,
iterative methods, which are often referred to as subspace iteration because only a subset
of the whole eigensolution is of interest, can be employed. In fact, in practical Finite
Element analysis, it is rare for all the modes of the system to be calculated because, in
general, only the lower modes of the system are of interest or, even, vaid. The
computational cost of solving the eigenvalue problem is, in general, proportiona to the
number of modes which are required. The most effective algorithm used for partia
eigensolution is the Inverse Iteration method [92]. In the following, it will be shown how
Inverse Iteration method can be used effectively to reduce the computational effort
involved in the eigensolution.

Let the system to be solved be described by matix [A]=[M] 1([K]+[D]) and suppose
that only the first p modes are of interest. Then, for a given matrix [Qgle C™P with

orthonormal columns (initial estimate of the required eigenvectors), the following Inverse
Iteration generates a sequence of matrices ( [Q,]}e C™P (k=1,2,...) which will converge

to the first p eigenvectors of interest

Fork=12,...
Z=[A17Qy,
QR =7 (QR factorisation of Z, to calculate Qy for next iteration)
(6-17)
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After the eigenvectors [¢] (which is the converged [Qy]) are calculated, the eigenvalues
['h.] can be found easily based on the Rayleigh Quotient formulation:

[A] =16] T[A][9] (6-18)

The convergence rate of the sequence of (6-17), as shown in [92], is proportional to the
ratio Ay/A,,,. 1t should be noted that during the iteration process, only one complex
inverse is required, that being ([KJ+H[DD!, and in the case of a free-free system in which
[K] is singular, a shift p becomes necessary so that [A]! in (6-17) becomes ([A]-p[I])™.
It is easy to prove [91] that systems described by [A] and ([A-[I]) have the same set of
eigenvectors and the correponding eigenvalues simply differ by a value of p. Also, in the
specific case of the Inverse Iteration method where only one eigenvalue and eigenvector
of a system are of interest, 4 should be so chosen such that it is the closest to the
eigenvaue of interest [92].

In the model updating process, since [AM], [AK] and [D] are usually small in the sense
of the Frobenius norm when compared with the original mass [M] and tiffness [K]
matrices, the eigenvalue problem is actually reduced to the problem of dynamic reanalysis
(often referred to as structural modification analysis) and the initial estimation of the
eigenvectors [Q,] can be very accurately chosen as the eigenvectors of the origina
system. Due to this accurate choice of initia conditions, it can be expected that the
convergence will in general be very fast.

All this means that if only a partial eigensolution is required, the Inverse Iteration method
is idea for solving the eigenvalue problem. As shown in §6.4.1, the whole updated
analytical receptance matrix is required in each iteration of the updating process and,
theoretically, in order to calculate this receptance matrix, all modes should be available.
However, experience shows that the receptance in the lower frequency range can be
accurately approximated by using just a few of the lower modes and by considering the
contribution of higher modes as constant residual terms. For example, for a reasonably-
sized practical 500x500 system, if the receptances are of interest only up to the frequency
of the fifth mode, then the estimation of ocij((o) based on following equation should be

very accurate when the first 20 modes are included

20
o; 9
rir?

() = R, 6-19

() o - @? + inw? (19

r=1
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Here R;; is a constant residual term representing the contribution of higher modes which
can be determined as follows by using the ([K]+i[D])! which has been calculated before

(KIH[DD™ = [0(0)] = [e(0)] + [R] (6-20)

where[o (w)] is the receptance matrix corresponding to the contribution of the calculated

modes.

It has been shown that during model updating process, the problem of an eigensolution
being involved in each iteration is actually reduced to the problem of dynamic reanalysis.
Hence, performing the complete eigensolution ab initio is unnecessary. On the other
hand, due to the fact that the contribution of the higher modes to the receptances in the
lower frequency range decreases quadratically in terms of frequency separation, only a
partial eigensolution is necessary in order to calculate accurately the receptance data
needed in the model updating process. These two observations make the Inverse Iteration
method as discussed above the most appropriate method for the specific problem
addressed.

6.5 GENERALISATION OF MODEL UPDATING METHODS

A model updating method based on the correlation between analytica model and
measured frequency response functions has been developed and it will be advantageous to
examine the relationship between the present method and the existing methods which are
based on the correlation between analytical and measured modal data. It can be recognised
that model updating methods can be generalised if measured FRF data are used instead of
the modal data. This argument is self-evident because moda data are effectively derived
from measured FRF data at the resonance frequencies but a brief mathematical proof is
given here.

When the measured coordinates are complete, the present method of updating is
formulated based on equation (6-6). Since model updating methods based on the use of
modal data rely only on the data points where w=w, (at the natura frequencies), it is
interesting to know to what equation (6-6) will degenerate when w=w,. Unfortunately,
{0,(w)};in (6-6) is not defined when w=w, (the damping of the experimental model is
made to be zero in order to permit a comparison with the methods based on modal data
which are supposed to be from an undamped system), therefore what needs to be



@ Identification of Mathematical Model of Dynamic Structures 199

discussed is what will equation (6-6) degenerate to as @—®, and the damping matrix
[D]-[O].

It is not difficult to see that when w—w,, { o (®) }; can be expressed as

im {o,@)}; =7 (9} + (¢°) (6-21)

W—;

where {¢°} is due to the influence of the other modes and can be considered as a constant

vector when there is dight change in frequency and change in damping. However, when
the damping matrix [H]—[O], the coefficient Y—o. Therefore, when w-—m,and
[H]—[O], equation (6-6) becomes

lim v (- {0}, +$({¢°} + (o) )T =

O— O
im yC {0}, +=(0°)T [AZ(en)] [oa(@,)] (6-228)
0> 0; Y

- (0} = (§)T [AZ(@)1 [0, ()] (6-22b)

(- @ (IM,] +[AM]) +[K,] + [AK]) {6}, = {0) (6-220)

From equation (6-22c), it can be seen that equation (6-6) degenerates to the simple
eigendynamic equation when w—, and since all the model updating methods using
modal data are derived from the basic eguation (6-22c), it can be concluded that, in a
broad sense, model updating methods based on modal data are discrete versions of the
present generalised method based on frequency response data.

When the measured coordinates are incomplete, as mentioned earlier, the present method
is derived from some sort of perturbation analysis and again, this perturbation analysisin
the domain of frequency response functions can, in a broad sense, be regarded as a
generalised version of the perturbation analysis in the modal domain on which some of
the methods, such as the inverse sensitivity analysis as will be discussed in detail in
Chapter 7, are based.

As discussed above, model updating methods based on modal data are discrete versions
of the present generalised method because modal data are virtually the data of frequency
response functions at resonance frequencies. Furthermore, in the case of model updating
using measured FRF data, each data point contains information from all the modes of the




[6] Identification of Mathematical Model of Dynamic Structures 200

sysiem and, in general, the data points measured are plentiful. Thus, the updating
problem, as discussed below, is in most cases uniquely defined while in the case of
model updating using modal data, the updating problem, in most cases, is underdefined
since on the one hand, the data points are so badly chosen (FRF data at resonance
frequencies) that the contribution of other modes has been deliberately eliminated and, on
the other, the number of measured modesis usually quite limited.

6.6 UNIQUENESS OF UPDATING PROBLEM

The uniqueness of the model updating problem - that is, how much data should be
measured so that the model updating problem can be solved uniquely (the true solution of
problem can be obtained) - needs to be discussed when a new method is developed. Since
the present method seeks to obtain an updated model which will reproduce the measured
frequency response function data continuously on the frequency axis, as shown in
numerical case studies, the measured data required (the number of measured modes) in
order to solve the updating problem uniquely are much less as compared with other
existing methods. In fact, it can be proven mathematicaly that when the measured
coordinates are complete, a unique solution always exists regardiess of the number of
modes which are included in the measured frequency range. On the other hand, when the
measured coordinates are incomplete, a unique solution can, in most cases, be obtained
even when just few modes are included in the measured frequency range if the physical
connectivity of the analytical model is employed as additional constraints.

Suppose one complete column {a,(w)}; of the receptance matrix is measured and its
updated analytical counterpart {ct,, (®)}; is available (calculated based on the updated

analytica model). Since the updated model should reproduce the measured data, it
follows that { o, (w)}={ o (®)}; because, otherwise, it will still be possible to improve

the model. Thus:

N N

2 : o; 19; 3.0
- r21r J - = — rzlr J-~ _ forj=1 N (6-23)
W - ©° +in w7 o -0 + .nr(,)%

ro= | r=1

where modal parameters with ~ are those of the experimental system and modal
parameters without ~ are those of the updated analytical system. Since equation (6-23) is
valid for any ®, then mathematically, we have
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0 =&, nw‘=1& and 25:9% =99 for r=l,n andj=1,N  (6-24)

2=
It is not difficult to see that (6-24) is equivalent to following eguations
[w.]=[8&.][n,.] =[T.]and [¢] = [J] (6-25)

From (6-25), it is clear that the thus-updated analytical model is unique and is the true
solution of the problem because the model reproduces all the eigenvalues and eigenvectors
of the experimental system. Also, it is clear that the number of modes measured is
irrelevant during the development of the above argument and, therefore, the uniqueness of
the updating problem when measured coordinates are complete is independent of the
number of modes measured.

On the other hand, when the measured coordinates are incomplete, a unique solution can
also be obtained as shown in numerical case studies when the physical connectivity of the
analytica model is employed. This process is intuitively explained as below. From an
information point of view, although the measured coordinates are incomplete, every piece
of measured data contains information about all the modifications (the difference between
the analytical and experimental models) and since the measured data are plentiful in terms
of frequency points and the physical connectivity of the analytical model is imposed as
constraints, the updating problem can, in most cases, still be turned into an
overdetermined one and thus be solved uniquely.

Mathematically, when the measured coordinates are incomplete, the physical connectivity
of the analytical model becomes essential in order to have a unique solution. Suppose one
incomplete column {&,(w) }; of the receptance matrix has been measured (for simplicity,
assume coordinates x;to x,, have been measured), then, after the model has been
updated, the { &, (w)}; values and their updated analytical counterparts {&,,(w)}; should
satisfy {8, (0)};={G,(w)};, that is

N N

o; 9; 3; .9
z 2 r2 i J , = 2 I'2 d J_~ — forj=1,n (6-26)
Wy - 07 + 1M, 07 : r-® lT]r(O%

r=1 r=1

Equation (6-26) is equivalent to the following equations

o? =&, no?="1& and 2% =%% for r=l,n andj=1,n  (6-27)
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From (6-27), it is clear that the updated model has the same natural frequencies and
damping loss factors as those of the experimental model, but the modeshape matrix is not
completely the same due to incompleteness of the measured coordinates as shown in
Fig.6.15 (only the submatrix of the whole eigenvector matrix corresponding to the
measured coordinates has been determined). Hence, the updated model cannot, in
general, be unique. However, if we impose the physical connectivity of the anaytical
model so that the updated model preserves the physical connectivity also, then the
solution, will in most cases, become unique.

nxN

NxN

[0],,, (3]

determined eigenvector elements

[] atitrary eigenvector elements
Fig.6.15 - lllustration of the Determination of Eigenvector Elements

6.7 BALANCE OF COEFFICIENT MATRICES

As mentioned in §6.2, when FRF data at j different frequency points are used, equations
(6-8a) in the case of complete coordinates and (6-1 1) in the case of incomplete coordinates
become

[ [Cw] | (P} = [ {(Blap)))
[C(w,)] {(B(wy))
< - (6-8¢)

= [Clw)] = ~ {B(w;}~
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U] | Py, | (V(@pY

[U(w,)] {V(ey)}
(6-11a)

- [U(w)] - V(o))

Due to the different magnitudes of FRF data at different frequency points (e.g., data
around resonance and anti-resonance frequencies), the RHS coefficient matrices of
equations (6-8c) and (6-11a) could in some cases be poorly-conditioned in terms of its
generalised inverse and this ill-conditioning could cause numerical difficulty in the
updating process, especially when FRF data used are contaminated by measurement
errors. Although such ill-conditioning problem can be overcome by properly choosing
frequency points, an alternative numerical technique is presented here.

Consider equation (6%) and rewrite it as

[ B,[C(@)] | (P} = [ B;{B(wy)}
B,[C(®))] B,(B(wy)}

: 9 : (6-80)
= Bi[C(w)] - ~ B;{B(w)}

The least-square solution of (6-8d) is

| B TF [ Bicep 1T Bicepr T (BB
B,IC(,)] B,IC(@,)] B,iC@y] | | BaB(@y)
(P)= - : :

L Lopiicp 4 Lopcpr 44 1 Bicep 4 BBy}
(6-28)

After some mathematical manipulation, equation (6-28) becomes

(P} =[ i B2 [Co)]T [Co)] ] { i B2 [C)]T {B(wy)} } (6-29)
k=1 k=l




[6] Identification of Mathematical Model of Dynamic Structures 204

By choosing B, such that the maximum magnitude of the elements of the matrix
Bk2[C(0)k)]T[C(mk)] (k=l1,j) is unity, the accuracy of the solution could in some cases be

improved.
6.8 CONCLUSIONS

In this Chapter, a new model updating method has been developed based on the
correlation between the analytical model and measured frequency response function data.
It has been mathematically demonstrated that existing methods based on the correlation
between analytical and measured moda parameters are discrete versions of the new
generalised method presented here and since only the frequency points which are the
natural frequencies of the structure are used in those methods (these points are, in effect,
badly chosen since they contain no information about other modes of the structure), the
classical updating problem in most cases are underdefined. However, as shown in
numerical examples, because of the direct use of measured response function data, the
residual terms involved in the data are taken into account in the new method and the
measured data are always of plentiful in terms of frequency points, and so, the present
method turns the updating problem into an overdetermined one in most cases.

Considering the practical difficulty of measuring FRF data at all the coordinates which are
specified in the analytical model, the present method has been extended to the case where
measured coordinates are incomplete. Mathematically, in these circumstances, the method
is based on a certain form of matrix perturbation analysis and, therefore, an iteration
scheme has to be introduced during the updating process. Some computational aspects
involved in the eigensolution during this iteration have aso been discussed so that
computational cost can be reduced.

As for the uniqueness of the updating problem, it is often asked how many modes are
required in order to get a unique (true) solution? Of course, the number of modes required
depends on which modes are chosen and what characteristics the structure possesses if
the updating problem is to be solved based on measured modal data as will be discussed
in next Chapter. However, based on the new method developed in this Chapter, it has
been mathematically proven that in the case where measured coordinates are complete, the
unique (true) solution always exists regardless of the number of modes measured. On the
other hand, when the measured coordinates are incomplete, a unique solution can be
obtained in most cases even when few modes are measured if the physical connectivity of
the analytical model is employed.
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Although experimental modal analysis has been highly developed, there still exist some
problems. In the case where two modes are very close, accurate modal parameters can be
difficult to obtain. Furthermore, measured modes are usually complex as discussed in
Chapter 2 and athough some investigation has been undertaken to devise ways of
employing complex modes directly in the correlation [93], most of the correlation
methods are based on the use of real modes. This means that the measured modes have to
be realised first before they are used. The redisation process not only introduces
numerical errors but at the same time, discards the damping information about the
structure. These problems do not exist in the present generalised FRF method and, as a
by-product of the updating process, the method reveal s the damping information about the
structure (damping model).

The method has been extended to the case where the structure under investigation is
nonlinear. It has been shown that in this case, in order to establish the mathematical
model, an accurate linear model as well as the location information of the nonlinearity are,
in general, necessary because the model has to be established based on mode by mode
basis. On the other hand, because of the inconsistency of measured data, it is essentia to
use measured FRF data in the correlation, rather than the measured modal data.

Numerical case studies based on an 8DOF mass-spring system as well as a 57DOF model
of aframe structure are carried out to assess the practical applicability of the new method
presented in this Chapter. Cases where measured coordinates are both complete and
incomplete are considered and the results have shown marked advantages over the the
existing methods based on the use of measured modal data Since the method is
developed for the practical case in which both measured modes and coordinates are
incomplete, it is readily applicable to practical correlation analysis.




CHAPTER |7

POSSIBILITIES AND LIMITATIONS
OF ANALYTICAL MODEL IMPROVEMENT

7.1 INTRODUCTION

As one of the major applications of modal analysis, analytical model
improvement/updating using the measured dynamic properties of a structure has become
a mgjor research topic in the dynamic modelling of practical engineering structures and
has generated many technical publications. A large number of different algorithms have
been developed, some of which have been proven to be quite successful, such as the new
method developed in Chapter 6. However, to the author’s knowledge, there has been
little technical discussion about what can be done (the possibilities) and what cannot (the
limitations) in the updating of an analytical model when practical measurement cases in
which both measured modes and coordinates are incomplete are considered. The purpose
of this Chapter is to identify some of these possibilities and limitations with the objective
of directing research in this subject towards more productive areas.

The discussion begins with a review of the limitations and difficulties of some of the
recently developed methods based on full matrix updating. The mathematical
underdeterminancy associated with these methods is explained. Then the possibility of
updating a condensed (Guyan-reduced) model with error location based on Kidder's
expansion method is examined. It is demonstrated that, when measured modes and/or
coordinates are incomplete as they are in practice, updating of the analytical model using
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full matrix updating method(s) or based on Guyan-reduced model with error location is
very difficult, if not impossible. In order to solve the updating problem, it becomes clear
that the physical connectivity of the analytical model should be respected during the
updating process so that the number of unknowns involved can be reduced and the
limited measured data available can have the possibility of solving the problem.

When the physical connectivity of the analytical model is imposed, the data required in
order to update an analytical model are usually within the scope of practical
measurements. As discussed in Chapter 6, by imposing the physical connectivity,
measured FRF data covering few modes are, in most cases, enough to solve the updating
problem even when the measured coordinates are incomplete. Nevertheless, in this
present Chapter, criteria for the minimum measured data (modal data) required to solve
the updating problem are established based on the Eigendynamic Constraint Method
(where measured coordinates are complete) and the Inverse Eigensensitivity anaysis
(where measured coordinates are incomplete). Such criteria are important because they
enable the analyst to judge whether an available set of measured modal data is able to
obtain a unique solution of the updating problem. These criteria are then generalised by
using the measured FRF data.

Basically, the discussions are illustrated using the analytical model updating exercise
caled ‘GARTEUR’ which is supposed to represent the true practical problem in terms of
the incompleteness of both measured modes and coordinates. A mass-spring model is
also used to illustrate the criterion devel oped.

7.2REVIEW OF FULL MATRIX UPDATING METHODS

The term ‘full matrix updating’ is defined here to mean that all elements in the analytical
mass and/or stiffness matrices are considered to be in error during the updating process
and therefore should be corrected using the measured data if possible. Berman's method
[94], the Error Matrix Method [90] and methods presented in references [83,95] belong
to this category. Since the measured data are limited (both measured modes and
coordinates), it will be shown that it is practically very difficult, if not impossible, to
update the analytica model based on these methods. What these methods provide is an
optimised solution which can reproduce the measured modal data to some accuracy, but
which is not the true solution of the problem.
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7.2.1 BERMAN'S METHOD

In reference [94], Berman developed a systematic method for improving analytical mass
and stiffness matrices based on measured modal data. In general, the method is devised
for the case where the analytical modéd is in the Guyan-reduced form in which only the
measured degrees of freedom are retained as masters and, as aresult, the anaytical model
itself becomes fully populated and the measured coordinates are compatible with the
analytical model. In this case, it will be shown that only when all the modes have been
measured, can exact updating become feasible based on Berman’'s method. Otherwise the
solution obtained is an optimised one. A brief summary of the method is introduced in
this section for the convenience of discussion and interested readers are referred to the
origina paper [94] for details.

During the optimisation procedure of Berman's method, an ‘improved’ analytical mass
matrix is calculated first and then, based on this ‘improved’ mass matrix, an optimised
stiffness matrix is obtained. Although it is difficult to provide a physical interpretation,
the method is developed based on the minimisation of weighted Euclidean norms of the
differences between the analytica and experimental mass matrices and between the
analytical and experimental stiffness matrices respectively as:

£ =1 M) 2 (M1 - IM,D [M,] 21 (7-1)

12

g =11 [M] 2 (K] - KD IM,] (7-2)

Introducing orthogonality and symmetry properties into the experimental mass and
stiffness matrices as physical constraints in the form of Lagrange multipliers, the final
‘improved’ mass and stiffness matrices can be derived from:
" -1
[M] = [M,] + [M,] [6,] (m,] ™ (1]~ [m,]) [m,] ™ [6,] T M,] (7-3)
(K] = [K,] +[A] +[A] T (7-4)

where [m,]=[0,] T [M,1[¢;]

T
and [ = M0, 00, T [K] (61 + (A [0 7 1M1 - (K 10,1161 7V
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From equations (7-3) and (7-4), it can be shown that the thus estimated mass matrix [M,]
and tiffness matrix [K,] can never be the exact mass and stiffness matrices of the
structure unless all the modes have been measured and this point will be further
explained later on.

7.22 THE ERROR MATRIX METHOD (EMM)

The basic theory of EMM [90] can be summarised as shown below. Define stiffness
error matrix [AK] to be [AK]}=[K,]-[K,] and assume that the [AK], when compared with

[K,], is of second order in the sense of the Euclidean norm. Then, based on matrix
perturbation theory, [AK] can be expressed, to a first order approximation, as.

[AK] = [K,] (K,] ! -[K,] 1)K, (7-5)

Again, [K,]! and [K,]! can be approximated using the m (m<N where m is the number
of measured modes and N is the number of degrees of freedom specified in the analytical
model) corresponding measured and analytical modes and then substituted into (7-5) to
obtain [AK] as:

[AK] = [K,] 16,1 [A,] 1 104] TIK,] -[K] [0 (A5 7 10,1 T [K,] 7-6)

As for Berman’'s method, the EMM requires complete measured coordinates and, even
then, the estimation of the stiffness error matrix (the estimation of [AM] based on EMM
is shown in [74]) is approximate even when all the experimenta modes have been
included. From this point, Berman’s method is mathematically superiorer to the EMM
because, at least when al the modes and all the coordinates are measured, Berman's
formulation gives an exact solution (although the solution is trivial in this case). On the
other hand, although the number of modes required can be reduced when an iteration
procedure is introduced by imposing physical constraints (physical connectivity) as
shown in [74], the situation cannot be improved significantly since, during the iteration,
the total number of unknowns cannot be reduced and it is therefore expected that even
when the physical constraints have been introduced, the number of modes necessary for
the EMM to work properly will be in general beyond the capability of practical
measurement. However, one could argue here that although it is strictly not possible to
update the analytical model based on this method in practice, when few measured modes
are available, isit not possible to pinpoint the modelling errors (the errors are supposed to
be localised as they usualy are in practice) using the first iteration results based on the
EMM and then to reduce the number of unknownsin order to facilitate the solution of the
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problem? This sounds reasonable but is mathematically contradictory because if the
errors were located in the first iteration, that means something about the solution has been
obtained and if the iteration is carried on, the condition will be improved and the true
solution will, in most cases, be achieved Since the solution cannot be achieved based on
successive iteration, the location using first iteration results will be, in generd,
meaningless.

7.2.3 MATHEMATICAL ILLUSTRATIONS

It has been demonstrated that in the full matrix updating methods, all coordinates which
are specified in the analytical model, and all modes (or at least a large proportion in the
case of iterative EMM) should be measured in order to obtain the exact mass and stiffness
matrices of the system. This point isto be illustrated here from alinear algebraic equation
point of view based on the Eigendynamic Constraints Method, which will be discussed
further in detail later in this Chapter. Based on the eigendynamic equation and mass-
normalisation property of the ith measured mode:

'(xx)i [AM] {¢x}i + [AK] {¢x}i=0‘x)i [Ma] {¢x}i'[Ka] {¢x}i (7_7)
(0,07 [AMI{0,); = 1- {0,)] [M1{0,); (7-8)

it can be seen that (7-7) and (7-8) provide (N+1) linear algebraic equations in terms of the
unknowns in the error mass and stiffness matrices. Therefore, when all the N modes are
measured, the total number of linear algebraic equations is N(N+1). At the same time,
since [AM] and [AK] are symmetric, the total number of unknowns involved in [AM]
and [AK] isaso N(N+1). This means that if all the elements of both mass and stiffness
matrices are considered to be in error, the updating problem is just deterministic (the
number of equations is equal to the number of unknowns) when al the modes and
coordinates have been measured. Any measured piece of information (modes and/or
coordinates) which is missing will cause the problem to be underdetermined and only
optimised solutions become possible. This demonstrates the limitations of full matrix
updating methods.

7.3 CONDENSED MODEL BASED ON GUYAN REDUCTION

So far, the difficulties and limitations of full matrix updating have been discussed. The
possibilities of updating an analytica model when it is in the Guyan-reduced form
(usualy fully populated) with localised modelling errors now need to be investigated.




[7] Possibilities and Limitations of Analytical Model Improvement 211

The modelling errors are located first in the ways as discussed in some detail in Chapter 5
and then the possibility of further updating of the model is investigated. The numerical
results shown are calculated based on the free-free GARTEUR structure (Fig.7.1).

7.3.1 THE GARTEUR STRUCTURE

The structure being studied is a truss structure as shown in Fig.7.1. Each elemental
segment shown in Fig.7.1 is the superposition of an axial bar element and a bending
beam element. Young's modulus is assumed to be E=0.75x10'!N/m? and the density to
be p=2800kg/m3. For the bar element, the cross section areas are
Sp(horizontal)=0.004m?2, S, (vertical)=0.006m?2 and Sy(diagonal)=0.003m2. For the
bending beam element, the second moment of inertiais assumed to be the same for all the
bending beam elements and is I=0.0756m*.

7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26

52 51 50 49 48 47 46 45 44 43 42 41 40 39 38 37 36 35 34 33
15000 mm

v ® measured nodes
u O unmeasured nodes

Fig. 7.1 - The Free-free GARTEUR Structure

7.3.2 THE GUYAN REDUCTION TECHNIQUE

In some cases, the full analytical model obtained using FE analysis needs to be reduced
for computational reasons. The most commonly used technique for undertaking such a
process is the Guyan reduction technique [96]. If the full analytica mass and stiffness
matrices are partitioned according to master and dave degrees of freedom, then the
frequency response function matrix corresponding to the master degrees of freedom at
frequency w can be calculated asfollows:




Possibilities and Limitations of Analytical Model Improvement 212

[0y (@)] [Otges(@)] [Zon ()] [Zs(@)] ] B 5

} = [Z(w)] ! =
[Zen(@)] [Zg(e2)]

[o(w)] = {

(o (@)] [og(w)]
From (7-9), the [0, ()] can be calculated as
[0 ()] = ([Zyr (0] - [Z,s(0)] [Zo(@)] [ Zis(@)]T ) (7- 10)

In order to preserve exactly the responses at the master degrees of freedom [or,,,(®)] at
any freguency, the reduced mass and stiffness matrix must satisfy

(KX] - @2 [MR] =[O (@)] ! = [Zenm(@)] - [Zn (@) [Zo(@)] [ Zipg(@)] T (7-12)
The reduced stiffness matrix can be obtained by settingw =0in (7-1 1) as

[KR] = [Kpn] - K] [Kg] K] T (7-12)
Upon substitution of [KR]into (7-1 1), the reduced mass matrix [M®] is obtained as

MR]= M) - é [K.] (Kol ! [Kpsl T + ‘al;g ([Kns] - ©2 [Mppg]) [Kgsl 7 [Mgg]

(1]~ 02 [Keg] ™ M) ™ (Kl ™ (Kl - 02 M) T (7-139)

Although, thus reduced, the mass matrix is nonlinear and nonunique, because it is a
function of forcing frequency, the reduction based on (7-12) and (7-13a) is exact in the
sense that the reduced model would predict exactly the steady state response of the
structure at all master degrees of freedom at any frequency. In the static case, when w=0
(infact, ®-0, the limit of (7-13a) exists), the general reduction formulareduces to that of
the well-known Guyan reduction and the reduced mass matrix becomes:

IMRI(0o50) = Ml - Kl (Kgs] 7 ] T - M [K (] 7 K, T
+ [Kpne] [Kgel 7 M) (K] ! K] (7-13b)

What should be discussed here are some of the characteristics of the Guyan reduction
technique from amodelling error location point of view, using appropriate numerical case
studies. Since, as shown above, Guyan reduction is a static approximation, the reduced
model cannot preserve the total energy of the original model, and this is demonstrated by
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differences of tae natural frequencies between these two models. Furthermore, during the
reduction, there are energy exchanges from one part of the structure to another which are
illustrated by the spreading of the localised modelling errors in the original model. To
explain these two points, numerical case studies (case 1) based on the free-free
GARTEUR structure shown in figure 7.1 are carried out. The full analytical model has
234 DOFs by considering 3 DOFs at each node as shown in figure 7.1, while the Guyan
reduced model has 156 DOFs after condensing out the rotational degrees of freedom. The
first 6 non-zero natural frequencies of the full and condensed models are shown in Table
7.1. For the lower modes, the natural frequencies of these two models are quite similar
but become substantially different when higher modes are concerned. To illustrate how
localised modelling errors in the full analytical model spread during the condensation
process, the element stiffness matrices of element 12 (nodes 12-13) and element 45
(nodes 45-46) are doubled to make a modified version of the structure. In this case, the
stiffness modelling errors on the full coordinate basis are localised in coordinates 37-42
(nodes 12-13) and 133-138 (nodes 45-46). However, after the condensation, these
localised modelling errors are seen to have spread into neighbouring coordinates,
depending on the connectivity, as shown in Fig.7.2&7.3. Although the dominant errors
are ill where they should be, some errors have been spread with considerable
amplitudes. Taking a close ook at where the dominant errors are as shown in Fig.7.3, it
can be seen that more than 15 coordinates have clearly been contaminated athough only
the stiffness of one single element has been changed. The effect of this spreading of
modelling errors on the updating of such anaytical models can already be anticipated and
will be discussed later.

Mode No. 1 2 3 4 5 6
¢ 145.441 226.784 | 283.965 397.222 427.044 442.724
(O3 145.244 225.737 282.556 393.635 422.128 436.142

;. natural frequency of full analytical model (Hz)

,: natural frequency of condensed analytical model (Hz)

Table 7.1 Natural Frequencies of Full and Condensed Analytical Models
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7.3.3 LOCATION OF MODELLING ERRORS

As discussed above, since the physical connectivities of the original analytical model have
been destroyed during dynamic condensation (Guyan reduction), exact updating of the
condensed analytical model based on the full matrix updating methods such as Berman’'s
method or the Error Matrix method becomes impossible unless al the modes and all the
coordinates (specified in the condensed model) have been measured. Here, this problem
Is looked at from a different angle by locating the major modelling errors first and then by
concentrating on those areas where the major modelling errors are believed to be, trying
to reduce the mathematical difficulties involved and thus to solve the updating problem
using the limited measured data available.

In the following example (case 2), stiffness modelling errors are introduced between
nodes 59-62 and nodes 69-72 by doubling the values of the 6 element stiffness matrices
between these nodes. The stiffness error matrix (condensed) is shown in Fig.7.4 after the
condensation. Only the hatched nodes (figure 7.1) with their trandational degrees of
freedom (u,v) are supposed to have been measured. The unmeasured coordinates need to
be interpolated before the location process can be undertaken.

Fig.7.4 - Stiffness Errors for case 2 (Guyan-reduced)
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Thisinterpolation of the unmeasured coordinates can be achieved by using the analytical
model itself as discussed in some detail in Chapter 5. Partitioning the analytical model

according to measured and unmeasured degrees of freedom and using the eigendynamic
equation, the unmeasured subvector {¢,} of rth mode can be interpolated in terms of the

analytical model and measured subvector {¢,,} of r mode as:

(05) = (- @2 [M] +[KeD) ™ (02 Mgl - Kon)) {07) (7-14)

The first 5 non-rigid body modes have been expanded based on (7-14) and the relative
modeshape errors which are defined as the difference between the true modeshape and
the expanded modeshape scaled by the maximum absolute value of the elements of the
true modeshape, are shown in Figs.757.9. From these figures, it can be seen that the
expanded modeshapes based on (7-14) are quite accurate except where the localised
modelling errors are.
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Fig.7.5 - Relative Modeshape Error of Mode 1 (case 2)
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Fig.7.6 - Relative Modeshape Error of Mode 2 (case 2)
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Fig.7.7 - Relative Modeshape Error of Mode 3 (case 2)
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Fig.7.8 - Relative Modeshape Error of Mode 4 (case 2)
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Fig.7.9 - Relative Modeshape Error of Mode 5 (case 2)
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These expanded modes are then used to find the localised modelling errors based on the
location methods discussed in Chapter 5. All 5 modes are used respectively and the
location results are shown in Figs.7.10-7.14 (these are not strictly stiffness modelling
errors [AK] but are [AK]1{¢},{$)T as explained in Chapter 5). When compared with the
stiffness error matrix of Fig.7.4, it can be seen that the location is quite successful since
for every mode, al the areas where the magjor modelling errors are placed, are clearly
located. However, it is difficult to identify the different amplitudes of these errors by
looking at these location results even if, in fact, the errors are considerably different in
amplitudes (figure 7.4). Thisadds difficulties for the next-step updating.

Fig.7.10- Located Stiffness Errors Using Mode 1 (case 2)
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Fig.7.12 - Located Stiffness Errors Using Mode 3 (case 2)
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Fig.7.14 - Located Stiffness Errors Using Mode 5 (case 2)
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7.3.4 THE UPDATING OF AN ANALYTICAL MODEL

Now, suppose the localised modelling errors are successfully located, what to do next?
Obvioudly, the next step will be to update the analytical model since thisis the ultimate
target which is sought, but how? As mentioned in Chapter 6, the only way of updating an
analytica model when the measured coordinates are incomplete, as in this case, is by
some kind of perturbation or sensitivity analysis based on an iterative strategy. However,
in this case, since the physical connectivities have been destroyed during the
condensation process, every element of the mass (if mass modelling errors are
considered) and stiffness matrices of the condensed analytical model in those located
areas should be considered as an independent unknown in the updating process. Again,
from the linear agebraic equation point of view, even for this simple numerical case,
such a task as to update the analytical model will be beyond the capability of practica
measurement (at least, as in the GARTEUR exercise, in which only 5 measured modes
and a third coordinates (half the coordinates in terms of the condensed analytical model)
are given, it is impossible to solve the problem addressed). On the other hand, although
the major errors have been located and so considered in the updating process, the
influence of those ‘small’ errors (which are not considered in the updating process) on
the solution process probably cannot be simply overlooked because they are spread over
the whole matrix.

74STRUCTURAL CONNECTIVITY IN AN ANALYTICAL MODEL

So far, the mathematical difficulties involved in the full matrix updating process have
been demonstrated and the limitations of updating an analytical model when it isin the
Guyan-reduced form have been discussed. It becomes clear that in order to update an
analytica model using limited measured data, it is essentia to preserve the structural
connectivity of the analytical model. As far as the stiffness properties are concerned, this
suggests that any stiffness modelling errors which exist can only occur in the non-zero
elements of the analytical stiffness matrix [K,]. The mathematical validity of such
physical constraints imposed in the updating process, which are essential, is discussed
below.

It iswell known that practical structures are continuous and possess an infinite number of
degrees of freedom while the mathematica models sought to represent their dynamic
characteristics have a finite number of degrees of freedom. As shown before, this
discretisation modelling process is mathematically a dynamic condensation process.
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Suppose there exist unique mass and stiffness matrices [MIn,x,» [KIn xn, Where Ng—eo
which exactly describe the dynamic characteristics of the test structure, then according to
dynamic condensation theory, the mathematical model (IMR(@)Inxn and [KRInen with
N<N,) with finite degrees of freedom which can exactly represent the test structure in
terms of al these retained coordinates is not unique (the mass matrix is a function of
frequency as can be seen from (7-13a)). On the other hand, during the condensation
process, the physical connectivity of [M]y xn,. [Klnxn, (Which could themselves be
fully populated matrices) has been destroyed, and in general, [IMR(@)In,n and [KR Inxn
become fully populated. In the problem under consideration, [Mly N, [KInxn, are
unknown and it is desired to identify constant [MR ]y and [KRIn,n Which can best
represent the test structure. It is apparent therefore that such a constant coefficient model
can only be an approximation with limits on the frequency range of applicability.

Although the exact model of the structure to be identified ([MR(@)Inyxn and [KR 1) is
fully populated and the mass matrix is, in theory, a function of frequency, experience of
Finite Element Analysis shows that as far as the lower modes of the structure, which are
usually of practical interests, are concerned, a model with constant mass and stiffness
matrices which preserves the physical connectivity can, in general, accurately describe the
test structure. Also, as shown in the following numerical calculation, a fully populated
model is not necessarily a better representation of the structure than a model with physical
connectivity preserved.

To illustrate the above arguments, a free-free beam structure as shown in Fig.7.15 is
considered. Suppose the ‘true’ model of the structure is the FE model formulated by
discretising the beam into 50 elements and consider 2 DOFs at each node: this yields
Ml102x1020 [Kl102x102- A reduced model of [MR]s,,s0, [KR]soxs2 corresponding to 52
‘measured’ coordinates (hatched nodes) is to be identified which can best represent the
structure. One choice of such amodd is, naturally, the Guyan-reduced model with these
measured coordinates considered as master degrees of freedom. A thus-obtained mode is
fully populated. Another choice of a suitable model is the FE representation of the
structure composed of 25 elements with all the ‘measured’ coordinates being considered.
This model preserves the physical connectivity (and is heavily banded). The question to
be answered is. which model represents the structure better? In order to make this
comparison, the first 10 natural frequencies of the ‘true model, the Guyan-reduced
model and the model with 25 elements are tabulated in Table 7.1 from which it can be
seen that athough the Guyan-reduced model and the model with 25 elements are quite
different in terms of their spatia forms (one is fully populated and another is heavily
banded), the first 10 modes are almost the same (and, indeed, for al 52 modes, the




m Possibilities and Limitations of Analytical Model Improvement 223

eigenvalues are the same up to 14 digits when double precison computation is
considered). In addition, the eigenvectors of the true model and the model with 25
elements are the same (up to 14 digits) for al the corresponding modes and coordinates.
The MAC values of the corresponding eigenvectors of the ‘true’ model and the Guyan-
reduced model and of the true model and the model with 25 elements are shown in
Fig.7.16. This suggests that it is possible for a constant coefficient model to represent the
structure accurately while at the same time preserving its physical connectivity, a feature
which is essential from the point of view of analytical model updating.

Ao A A A A A A A K

YA L RN A
LA NN
[ AT A S A A S S

;;;;;

A\element of exact model 10 m element of reduced model>
S=0.004(m?) | = 0001 (m* E = 5.0 x 10°3(N/m ) p = 2800 (kg/m3)
Fig.7.15 - Free-free Beam Structure
mode no. | 2 3 4 5
©. 39.0937 107.763 211.259 349.224 521.683
W, 39.0938 107.764 211.265 349.247 521.759
P 39.0938 107.764 211.265 349.247 521.759
mode no 6 7 8 9 10
®, 728.639 970.096 1246.06 1556.54 1901.57
W, 728.842 970.570 1247.06 1558.46 1905.02
W 728.842 970.570 1247.06 1558.46 1905.02

,: exact natural frequency of the structure (Hz)

w,: natural frequency of the Guyan-reduced model (Hz)
oy natural frequency of the model with 25 elements (Hz)

Table 7.1 - Comparison of Natural Frequencies of Three Different Models
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Fig.7.16 - MAC values indicating the correlation of corresponding eigenvectors

7.5 MINIMUM DATA REQUIRED TO UPDATE AN
ANALYTICAL MODEL

So far, it has been established that in order to update an analytica model using limited
measured data, it is essential that the physical connectivity of the analytical model should
be preserved. The mathematical validity of preserving such physical connectivity has
been demonstrated. With this connectivity information available, it will be shown that
although the measured data may be quite limited in practice, the updating problem can
become overdetermined in most cases. In what follows, the criteria for the minimal
measured data required to solve an updating problem uniquely are discussed.

Although many different methods have been developed to update an analytica model
using measured data, there are no clear rules concerning just how much data should be
measured (how many modes and coordinates) in order to solve the updating problem
uniquely. Such a criterion isimportant not only because modal testing is costly, but more
importantly because it is required for the analyst to judge whether an available set of
modal data is enough to obtain a unique solution. In the following, a model updating
method based on eigendynamic properties (Eigendynamic Constraint Method ECM) is
developed and, based on this method, a criterion of how many modes should be
measured in order to have a unique solution of the updating problem is established for the
case when the measured coordinates are complete. When the measured coordinates are
incomplete but the modelling errors are localised in the measured coordinates, a direct
solution of the updating problem is still possible based on the Eigendynamic Constraint
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Method. In general, however, when the measured coordinates are incomplete, a direct
solution is not possible and some kind of perturbation or sensitivity analysis based on an
iterative scheme has to be sought. In this case, an Inverse Eigensensitivity Anaysis
Method is employed to establish the criterion of how many modes and coordinates should
be measured in order to solve the updating problem.

751 THE EIGENDYNAMIC CONSTRAINT METHOD

The problem of reconstructing system matrices from identified eigenvalues and
eigenvectors has been considered by some authors [97-99]. Assuming a certain form of
the modification matrix such as diagonal matrix, and using al the identified eigenvalues
of the modified system, the modification matrix can be calculated [97-98]. Applications
have been found for such studies in the solution of inverse Stum-Liouville problems and
nuclear spectroscopy [98]. In reference [99], Gladwell introduced and extended the
theory of [97-98] to the identification of vibrational systems by using both measured
eigenvalues and eigenvectors to reconstruct the mass and stiffness matrices. However,
his analysis is restricted to his specific fixed-free mass-spring chain system because
during the development of his arguments, he assumed-that the system’s eigenvalue
problem is in the form of Jacobian matrices [99]. Based on this simple system, he
established the necessary and sufficient conditions for a given vector to be one of the
eigenvectors of the system and pointed out that it is possible to reconstruct the mass and
stiffness matrices of the system by using two identified modes which satisfy certain
conditions although the thus reconstructed system is not unique in the sense that it can be
scaled by an arbitrary factor. Ibrahim [100] later extended Gladwell’s theory into
analytica model updating of dynamic structures. The Eigendynamic Constraint Method
described below is similar to Ibrahim’s method. However, since it makes use of the
mass-normalisation properties of measured modes, the problem of uniqueness of the
identified system is resolved.

The method is formulated based on the eigendynamic equation and the mass
normalisation properties of measured modes as mentioned in §7.2.3,

-AY; [AM] {0,); + [AK] {0,); = (h); M1 {04} - (Kol {&x); &)
(00T [AM] {6,); = 1- (0,)] [M,] (6,); (7-8)

As discussed before, the physical connectivity of the anaytical model should be
preserved during the updating process, and so the updated model should have the same
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connectivity as that of the analytica model. When the connectivity information is
employed, (7-7) and (7-8) can be combined and turned into standard linear algebraic
equations in terms of an unknown vector {P}; 41 consisting of all the design variable

changes in the mass and stiffness matrices in asimilar way to that discussed in Chapter 6,
as

[Ajd v (Pl = (b} vanyx (7-15)
where N is the number of degrees of freedom specified in the analytical moddl, L is the

number of total independent design variables in the mass and stiffness matrices,
[Adne1)xn @nd {b;} (ni1)x1 e the coefficient matrix and vector formed using the

analytical model and ith measured mode properties.

To see how the coefficient matrix [A;] and {b;} can be obtained, again consider the 2DOF
mass-spring system as mentioned in Chapter 6. When the first mode is used, equation (7-
7) becomes

Am; 0 |[,011] [Ak;+Ak, -Ak, | [¢1
'(;"x)l + ’ =
0 Am2 x¢21 -Ak2 Ak2+Ak3 X¢21
[(Xthl'krkz k; ]{x‘t’ll} _
ky,  (\)imykyks] P21

{(()\'x)lml‘kl'kz) x¢11 + k2 X¢2 l} _ {bl} (7-7a)
k2 x¢ll + (()"x)lmz‘kz-k3) xq)21 b2

After further mathematical manipulation, (7-7a) becomes

. N
-(A)y 011 0 S 0921 Am,
Am2 bl
§ Ak, >={ } (7-7b)
Ak, b2
- 0 -(A)1 D21 0 (921-,011 Ou Ak,

Similarly, (7-8) becomes
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{611 01} [Am1 0 ] {x‘i’u} {6 ,on) [ml Oz:l {x%l}
=1- =b;, (7-8a)
0 Am2 x¢21 0Om x¢21

Further, (7-84) can be written as:

{911,011 021,01 O O O} (Arnl\
Am,
§ Ak, ¢ = by (7-8b)
Ak,
\Akj J

Combining (7-7b) and (7-8b), coefficient matrix [A]s,s and {b}5,; can be obtained.

Equation (7-15) is obtained based on the ith measured mode; when m measured modes
are available, it is not difficult to see that the dimension of the coefficient matrix [A]
becomes m(N+1)xL and {b} becomes m(N+l)xl, that is:

[AlmN+xL P Lx1 = (PImveyxa (7-16)

In general, when m(N+1) 2 L, equation (7-16) becomes overdetermined and the SVD
technigue can be used to solve the unknown vector {P}. After (P} has been calculated,
the updated mass and stiffness matrices can be reconstructed by using the physical
connectivity of the analytical model.

7.5.2 INVERSE EIGENSENSITIVITY ANALYSIS

As mentioned previously, when the measured coordinates are incomplete, direct solution
of the updating problem is generaly not possible and some kind of perturbation or
sengitivity analysis has to be employed based on an iterative scheme. In this case, in
order to establish a criterion concerning how many modes and coordinates should be
measured in order to solve uniquely the updating problem, the Inverse Eigensensitivity
Analysis method [80] can be employed to calculate the design variable changes given
differences between analytical and measured natura frequencies and modeshapes. The
method was first introduced to analytical model improvement by Collin et al [80]. Later,
Chen/Garba [81] modified the procedure described in [80] by introducing matrix
perturbation to avoid the eigensolution required in every iteration. Lallement [82] recently
extended the method to pinpoint where the significant modelling errors are first and then
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{ pu 0u} [Am1 0 ] {x‘i’u} {61 ,on) {:ml OZ] {x‘bn}
=1- =b, (7-8a)
0 Am2 x¢21 Om x¢21

Further, (7-8a) can be written as:

{611,011 921,021 O O O} (ArnD
Am,
\ Ak, ¢ = b; (7-8b)
Ak,
\Akj J

Combining (7-7b) and (7-8b), coefficient matrix [A]s,s and {b}3,; can be obtained.

Equation (7-15) is obtained based on the ith measured mode; when m measured modes
are available, it is not difficult to see that the dimension of the coefficient matrix [A]
becomes m(N+1)xL and {b} becomes m(N+)xl, that is:

[AlmN+nxL P Lx1 = {PImveyxa (7-16)

In general, when m(N+1) 2> L, equation (7-16) becomes overdetermined and the SVD
technigue can be used to solve the unknown vector { P}. After (P} has been calculated,
the updated mass and stiffness matrices can be reconstructed by using the physical
connectivity of the analytical model.

7.5.2 INVERSE EIGENSENSITIVITY ANALYSIS

As mentioned previously, when the measured coordinates are incomplete, direct solution
of the updating problem is generaly not possible and some kind of perturbation or
sengitivity analysis has to be employed based on an iterative scheme. In this case, in
order to establish a criterion concerning how many modes and coordinates should be
measured in order to solve uniquely the updating problem, the Inverse Eigensensitivity
Analysis method [80] can be employed to calculate the design variable changes given
differences between analytical and measured natura frequencies and modeshapes. The
method was first introduced to analytical model improvement by Collin et al [80]. Later,
Chen/Garba [81] modified the procedure described in [80] by introducing matrix
perturbation to avoid the eigensolution required in every iteration. Lallement [82] recently
extended the method to pinpoint where the significant modelling errors are first and then
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to reduce the number of unknowns to improve the solution condition. Derivation of the
eigenvalue and eigenvector derivatives which are required in the formulation of updating
problem is explained in the Appendix Il of thisthesis.

From the theory of the algebraic eigenvaue problem, a system’'s eigenvalues and
eigenvectors are implicit functions of its design variables. Hence, based on the Taylor
sevies representation, the relationship between the change of modal parameter & (6 can be

the change of any eigenvalue or of any eigenvector element) and the vector of design
variable change (P) can be expressed as

N N N
8= Y sPi+ 2> Yv;PR+. (7-17)
i =1 i=1lj=1

where s; and v;; are the first- and second-order sensitivity coefficients. Suppose n out of
N coordinates have been measured for the ith mode then, based on (7-17), to afirst order
approximation, we have:

L0 A0k A0 | (T1) (104 - ()
a(;\.a)i a(la), a()\.a)l :
_ oP, oP, 9P, PL (Axdi - o)
[Sil+1yxL {Plix1 = (8} ey (7-18a)

where [S;] is the sensitivity matrix for n measured coordinates and one measured
eigenvalue of the ith mode, and can be calculated in away asillustrated in Appendix |1 of
this thesis, and {9;} is the difference vector between the measured and analytical
eigenvector and eigenvalue of the ith mode. If m measured modes are available, (7-18a)
can be rewritten as

[SImn+xt {P1ex1={8}meme1yx1 (7-19)

When m(n+l) = L, (7-19) becomes a set of overdetermined linear algebraic equations and
the SVD technique can be used to solve {P}. Since (7-19) is formulated based on first-
order approximation, the exact solution of {P} cannot be obtained directly and an iterative
procedure has to be introduced as illustrated in Fig.7.16. Again, after (P) has been
calculated, the updated model can be reconstructed using the the analytical model.
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eigenvalue and eigenvector derivatives which are required in the formulation of updating
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o=

™Mz

N N
;P + D Y v PP+ (7-17)
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" 3{0,); (0); Ao.); | (B (0,5 - (0.}

« e e P2
oP oP oP
o - = (7-18)
O(hy); IAy); 9, ‘
— aPl 8P2 T aPL PL (A'X)l - O\'a)i
[Sidm+nxL (Plxt = (8} menya (7-18a)

where [S;] is the sensitivity matrix for n measured coordinates and one measured
eigenvalue of the ith mode, and can be calculated in away asillustrated in Appendix |1 of
this thesis, and {9;} is the difference vector between the measured and analytical
eigenvector and eigenvalue of the ith mode. If m measured modes are available, (7-18a)
can be rewritten as

[SImn+xL {P1ex1={8}mme1yx1 (7-19)

When m(n+l) = L, (7-19) becomes a set of overdetermined linear algebraic equations and
the SVD technique can be used to solve {P}. Since (7-19) is formulated based on first-
order approximation, the exact solution of {P} cannot be obtained directly and an iterative
procedure has to be introduced as illustrated in Fig.7.16. Again, after (P) has been
calculated, the updated model can be reconstructed using the the analytical model.
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measured incomplete data, complete analytical model
[o?] L6 1|, M+ K Iy

mxm *

calculate the eigensensitivity matrix [S] based on
Appendix II and thedifference vector between
measured and analytical moda parameters {8}

solve the linear algebraic equations [S] (P} = {0}
for (P) and update the analytical mass and stiffness
matrices using the calculated {P}

converge ?

NO

solve the eigenvaue problem of the updated system — |—=

\

updated/improved
analytical model

Fig.7.16 - Updating Process Using Inverse Eigensensitivity Analysis




Possibilities and Limitations of Analytical Model Improvement 230

7.5.3 NUMBER OF MODES AND COORDINATES REQUIRED
TO UPDATE AN ANALYTICAL MODEL

When the measured coordinates are complete, it can be seen from equation (7-16) that in
order to have a unique solution of the updating problem, the following condition has to
be satisfied:

m(N+1)> L (7-20)

where, as mentioned, m is the number of measured modes, N is the number of degrees
of freedom specified in the analytical model and L is the number of independent design
variables. Therefore the number of modes required (m) in order to solve the updating
problem is m=L/(N+1) or the minimum number of modes is m=E(L/(N+1)) where E(x)
is a mathematical function such that when it is applied to a real number x, it returns an
integer value which is x < E(x) <x+1.

When the measured coordinates are incomplete, the Eigendynamic Constraint Method
cannot generally be applied directly. However, in the special case in which al the
modelling errors are localised in the measured coordinates, the unmeasured coordinates
can be interpolated exactly based on the analytical model itself using Kidder’s expansion
method, as discussed before. The thus-expanded modes can then be used in the
Eigendynamic Constraint Method to update the analytical model. For this case, the
criterion for the minimum number of measured modes is therefore the same asisgivenin
(7-20).

In general, when the measured coordinates are incomplete, there exists a criterion
concerning the number of modes and coordinates which should be measured in order to
update the analytical model uniquely. From (7-19), in order to have a unique solution of
the updating problem, the following criterion has to be satisfied:

m(n+) =L (7-21)

where n is the number of measured coordinates. Expression (7-21) is the necessary
condition, and as will be shown in the numerical case study, it is also sufficient when
only mass or stiffness modelling errors are considered. When the modelling errors are
present in both the mass and stiffness matrices, the situation becomes more complicated

Al b A Arma A AA etk Lt A AAAA Am Avvan aacAbiAan mvAaaad A A AmnmaRl Al A a AvAlAe A
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reduce the number of unknowns in {P) before the calculation can be carried out based on
the Inverse Eigensensitivity Analysis.

7.5.4 NUMERICAL CASE STUDIES
In order to verify numerically the criteria presented above, a mass-spring system shown

in Fig.7.17 is considered. The system has 10 degrees-of-freedom and consists of 21
design variables (1.=21, 10 mass elements and 11 stiffness el ements).

Fig.7.17 - A 10 DOF Mass-spring System

When the measured coordinates are complete, according to equation (7-20),
m=E(21/11)=2. This means that for this specific mass-spring system, two measured
modes with complete coordinates are in principle sufficient to identify all these 10 mass
elements and 11 stiffness elements. Numerical results for the identification based on the
Eigendynamic Constraint Method using the first and second ‘measured modes are
shown in Table 7.2 (kg for mass and N/m for stiffness).

Variables m,; m, ms my ms mg my

Exact | 10.00000{ 11.00000{ 12.000001 13.00000} 14.000001 14.00000 13.00000

Identified

10.00001

11.00000

12.00000

12.99999

14.00000

14.00000

12.99999

Variables

Mg

My

m; o

ky

ky

k3

ky

Exact

12.00000

11.00000

10.00000

100000.0

100000.0

300000.0

100000.0

Identified

12.00000

11.00000

10.00001

100000.1

100000.1

300000.2

100000.1

Variables

ks

ke

ks

kg

kg

ST

k11

Exact

100000.0

300000.0

100000.0

100000.0

100000.0

100000.¢

300000.c

| 1 dentified

100000.1

300000.

100000.1

100000.1

100000.1

100000.1

300000.2

Although, in general, the ECM is not directly applicable to the case when the measured
coordinates are incomplete, it has been noted that in the specia case when the modelling

Table 7.2 - Identification Results
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errors are localised in the measured coordinates, a direct solutica of the updating problem
is dtill possible because in this case, the unmeasured coordinates can be exactly
interpolated based on the analytical model itself. In this numerical example, the exact
stiffness modelling errors are shown in Fig.7.18(a) with a 50% stiffness modification in
ks and ky (figure 7.17). Coordinates % 4 @3 X9 are supposed to be measured,
thereby including the stiffness errors introduced between coordinates x3-x4 and xg-X7.

Again, the first two modes are used and the identified stiffness error matrix is exact, as
shown in Fig.7.18(b).

(a) exact dtiffness error matrix (b) identified stiffness error matrix
Fig.7.18 - Exact and Identified Stiffness Error Matrix (coordinates compl ete)

When mass modelling errors are considered, 10 design variables are taken into account in
the Inverse Sensitivity Analysis (L=10 for 10 mass elements). Half the coordinates are
supposed to be measured (al the odd-numbered coordinates). According to (7-21), the
number of modes required in order to update the mass matrix can be calculated as
m=E(10/6)=2. In the calculation, the first and second ‘measured’ modes are used. The
mass modelling errors are introduced by modifying m,, mg and m;q to 50% of their
original values. The exact mass error matrix and the iteration results are illustrated in
Fig.7.19(a) and Fig.7.19(b).
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first iteration estimation

exact error mass matrix
Fig.7.19(a) - Exact Mass Error Matrix

third iteration estimation
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5th iteration estimation
Fig.7.19(b) - Iteration Results (mass error case)

Similarly, in the case when stiffness modelling errors are considered, 11 design variables
(11 stiffness elements) are taken into account in the Inverse Sensitivity Analysis. Again,
al the odd numbered coordinates are assumed to be measured. According to (7-21), the
number of modes required in order to update the stiffness matrix can be calculated as
m=E( 11/6)=2. The first two ‘measured’ modes are used in the calculation. The stiffness
modelling errors are introduced by increasing k,, ks and kg by 100% of the original

values. The exact stiffness error matrix and the iteration results are shown in Fig.7.20(a)
and Fig.7.20(b).

exact error stiffness matrix
Fig.7.20(a) - Exact Mass Error Matrix
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third iteration estimation
Fig.7.20(b) - Iteration Results (stiffness error case)

7.5.5 GENERALISATION OF THE CRITERION

The criteria concerning how much data should be measured in order to solve the updating
problem uniquely have been developed based on the ECM and the Inverse
Eigensensitivity Analysis method. Since, as discussed in detail in Chapter 6, the new
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method devel oped based on the measured FRF data is a generalised version of the model
updating methods based on measured modal data, it is therefore expected that such
criteria can be generalised when measured FRF data are used in the updating process. In
fact, as has been demonstrated in Chapter 6, a unigue solution of the updating problem
can aways be obtained when measured coordinates are complete regardless of the
number of measured modes, based on the method developed in Chapter 6. In the case
when measured coordinates are incomplete, the method presented in Chapter 6 is based
on aform of perturbation analysis and, as mentioned, such a perturbation anaysis based
the use of FRF data can be regarded as a generalisation of the Inverse Eiegensensitivity
Anaysis method presented in this Chapter. Therefore, the number of measured modes
required to solve the updating problem using the method presented in Chapter 6 can be
expected to be less than that required by the ECM in the case where measured coordinates
are complete and, the Inverse Eigensensitivity Anaysis in the case where measured
coordinates are incomplete.

Also, it is perhaps worth mentioning that in the case when both mass and stiffness
modelling errors exist, the criterion given in (7-21) based on the Inverse Eigensensitivity
Analysis is not sufficient. It has been found that although (7-19) becomes largely
overdetermined (e.g. the number of equations is twice as many as the number of
unknowns), the condition of [§] in terms of its inverse is generally very poor when both
mass and stiffness modelling errors are considered. This is probably because given
modal parameter changes in certain modes might be achieved either by mass modification
or stiffness modification and, as a result, the Inverse Eigensensitivity Analysis becomes
mathematically uncertain. As shown in the numerical case studies of §6.4.4, this problem
does not exist when FRF data are used in the method developed in Chapter 6.

7.5.6 APPLICATION OF THE METHODS TO THE
GARTEUR STRUCTURES

As mentioned in Chapter 6, when a Finite Element model is considered, the mass and
stiffness error matrices can in general be expressed as:

N; N
[AM] = > B,[mg] and [AK] = Y, ¥, [k] (7-22)

s =1 s =1

where [m,] and [k,] are the sth element mass and stiffness matrices which have been
appropriately expanded to the global dimension of the system, N is the total number of
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elements and, B, and 7y, am the design variable changes associated with the sth element.

of{b.).
With [AM] and [AK] being expressed as (7-22), the elgensensitivity coefficients _ng }1,

j
94; 9(9n); and 9 can be obtained using the analytical model (see Appendix I1).

oB; o, A

Based on the first order sensitivity analysis, the following relationship between the the
changes of modal parameters and the changes of physical parameters can be established:

(0)1- (62); | |210ahr 3(0.); 3(0); 2(0a)i’| (B,

ofy BN, M oMW, :
A1 - Ay oA 9N A A
aB; ‘ aBN, M . aYN,

L A P RS (7-23)
M)y O0)pd(d)m dMbdp || T

{(px}m - {¢a}n’ aBl . aBN] aYI . ale
A OAm  Orm LN -
()\'x)m - (xa)m - 3[31 ’ aBNl aYl ) aYNl - \’YNIJ

where m experimental modes are supposed to have been measured. Again, the measured
coordinates are assumed to be incomplete, i.e. {{¢,};-{9,);}nx1 Where n<N. When a
sufficient number m of modes are measured, (7-23) becomes overdetermined and the
SV D technique can be used to solve for B, and ¥, (s=1,N,) iteratively.

To assess the practical applicability of the Inverse Eigensensitivity Anaysis method, the
fixed-free GARTEUR structure shown in Fig.7.20 was investigated. Only stiffness
errors are introduced by overestimating the 10t (nodes 9-10), 14t and 15t (nodes 14-
16), 30th (nodes 29-30) and 66th and 67t (nodes 62, 14, 63) element stiffness matrices
by 100% (figure 7.21). The hatched nodes shown in Fig.7.21 with their trandational
degrees of freedom (u,v) are supposed to be measured. According to (7-21), the
minimum number of modes required to update the analytica model is m=E(L/(n+1))
=E(78/(72+1))=2 (where L=78 is the tota number and so the total number of design
variables according to (7-22) when stiffness modelling errors are considered and n=72 is
the number of measured coordinates (2 trandational degrees at 36 nodes)). During the
calculation, the first 4 modes are supposed to have been measured (twice as many as the
minimum number required). The exact stiffness error matrix is shown in Fig.7.22 and
the iteration results are shown in Fig.7.23-7.25.
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46 45 44 43 42 41 40 3938 37 36 35 34 33 3231 30 29 28 27
15000 mm

v ® neasured nodes
U Ounneasured nodes

Fig.7.21 - The Fixed-free GARTEUR Structure

Fig.7.22 - Exact Stiffness Error Matrix
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Fig.7.24 - Second Iteration Results
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Fig.7.25 - Third Iteration Results

In some cases, it may not be appropriate to assume that the mass and stiffness modelling
errors can be smply expressed as that of (7-22) and more independent physical design
variables need to be considered. To illustrate this point, the free-free GARTEUR
structure (figure 7.1) is aso investigated. Every element shown in figure 7.1 isa
superposition of an axial bar element and a bending beam element and these pairs of
elements are considered to be independent of each other. Physically, this means that
during the modelling, the cross-section area of the axia bar element and the second
moment of area of the bending beam element are treated independently. As a result, the
stiffness error matrix can in genera be expressed as:

N
[AK] = Y B [kS] +7, (kY (7-24)

r=1

where[k7] is the expanded extensional element stiffness matrix (which is proportional to
the cross-section area) and [k‘r’] IS the expanded bending element stiffness matrix (which
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is proportional to the second moment of inertia). Since, in this exercise, the number of
elements is N;=83, 166 unknowns need to be calculated in each iteration when only
stiffness errors are considered. The stiffness errors are introduced by overestimating the
1 1st,12nd 39th 76th gnd 77th bending element stiffness matrices and the 234, 24th,
25th, 26th and 831 extensional element stiffness matrices by 100%. The exact stiffness
error matrix is shown in Fig.7.26 (the stiffness errors for the bending and extension are
of 100 times different in magnitudes and therefore they are plotted separately). Some of
the ‘experimental’ and analytical receptance FRFs are shown in Fig.7.27. For
comparison, the method devel oped in Chapter 6 is employed in this case. One incomplete
column - all the hatched nodes with their trandlational degrees of freedom (u,v) - of the
receptance matrix of the ‘experimental’ model with data covering the first 5 modes is
supposed to have been measured. In each iteration, 20 FRF data points which are
randomly chosen in the ‘measured’ frequency range are used and the iteration results are
shown in Fig.7.28-7.31.
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Fig.7.26 - Exact Stiffness Error Matrix
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Fig.7.28 - First Iteration Estimation
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Fig.7.29 - 4th Iteration Estimation




Possibilities and Limitations of Analytical Model Improvement 246
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Fig.7.30 - 7th Iteration Estimation
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extensiona stiffness
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Fig.7.31 - 12th Iteration Estimation
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7.6 CONCLUSIONS

In this Chapter, the limitations and difficulties of some of the recently-devel oped methods
based on full matrix updating such as Berman’s method and the Error Matrix method
have been discussed. The mathematical underdetenninacy associated with these methods
is explained. Then, the possibility of updating a condensed (Guyan-reduced) model with
error location based on Kidder's expansion method is examined. It has been
demonstrated that when measured modes and/or coordinates are incomplete, as they are
in practice, updating of the analytical model based on full matrix updating or the Guyan-
reduced model with error location is truly difficult, if not impossible. Such a target as to
update an analytical model by considering every element of mass and stiffness matrices to
be (potentially) in error is overambitious and not necessarily appropriate when the
inevitable limitations in measured data are considered. In order to solve the updating
problem, it becomes clear that the physical connectivity of the analytical model should be
respected during the updating process so that the total number of unknowns involved can
be reduced and the limited measured data can have the possibility of solving the problem.

It has been illustrated that the modelling process - that is, to obtain a constant coefficient
model of a continuous structure - is mathematically a dynamic condensation process and
since the exact model is frequency-dependent (the mass matrix is a function of
frequency), it is apparent that such a constant coefficient model can only be an
approximation with limits on the frequency range of applicability. On the other hand, as
has been demonstrated in the numerical example, it is quite possible for a constant
coefficient model with well preserved physical connectivity (heavily banded) to represent
the structure accurately as far as the lower modes of a structure are of interest (thisis a
limitation of any constant coefficient models - whether they are fully populated or heavily
banded).

When the physical connectivity of the analytica model is applied, the measured data
required in order to update an analytical model are usualy within the capability of
practica measurements. Hence, it is possible to establish the criteria on the minimum
measured data required to solve the updating problem. Such criteria are important not
only because modal testing is costly, but also because they enable the analyst to judge
whether a set of measured data will have the potential to solve the updating problem so
that ‘blind attempts can be avoided.



m Possihilities and Limitations of Analytical Model Improvement 249

For those cases where measured coordinates are complete, the Eigendynamic Constraint
method has been developed and employed in this Chapter to establish the criterion
concerning the number of modes required to solve the updating problem. As shown in
numerical case studies, this method requires less modes as compared with other existing
model updating methods based on the use of modal data. When the measured coordinates
are incomplete, a direct solution of the updating problem is, in general, not possible and
some kind of iterative perturbation or sensitivity analysis has to be devised. In this case,
the Inverse Eigensensitivity Analysis method has been employed to establish the criterion
on the minimum data (measured modes and coordinates) required to update an analytical
model. Furthermore, it has been shown that these criteria can be generalised when
measured FRF data are used based on the method developed in Chapter 6.

The criteria developed have been verified numericaly and the methods presented have
been applied to the analytica model updating exercise called ‘GARTEUR’ which is
intended to represent the realistic practical problem in terms of the incompleteness of both
measured modes and coordinates.



CHAPTER |8

CONCLUSIONS

8.1 IDENTIFICATION OF STRUCTURAL NONLINEARITY

It is believed that most practical engineering structures possess a degree of nonlinearity.
In some cases, they are treated as linear structures because the degree of nonlinearity is
small and therefore insignificant in the response range of interest. In other cases, the
effect of nonlinearity may become so significant that it has to be taken into account in the
analysis of the structure's dynamic characteristics. In fact, for many engineering
applications, structura nonlinearities need to be identified and, subsequently, nonlinear
mathematical models must be established.

Unlike theoretical studies, where the vibration characteristics of nonlinear systems can be
described by differential equations, amajor problem in the identification of nonlinearity is
to study unknown types of nonlinearity. In practice, not only the existence of nonlinearity
needs to be detected, but more importantly, the degree of nonlinearity must be quantified
and then the physical characteristics of the nonlinearity identified. A review and
discussion of those methods currently used to investigate nonlinearity have shown their
practical applicability. However, conclusive identification of practical structural
nonlinearities is ill problematic due to the existence of various different types of
nonlinearity and numerous qualitatively different nonlinear phenomena.
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For those structures whose nonlinearities are vibration amplitude dependent, the dynamic
characteristics can be identified based on the analysis of measured first-order FRFs. It is
found that one first-order FRF curve measured with a constant force level contains all the
information of a series of FRF data with constant response controls. Therefore, a study
of nonlinearity can be carried out using a single FRF curve measured with constant force.
Based on this observation, a new nonlinearity analysis method has been proposed in this
work. Instead of assuming that the mode to be analysed should be real, as in the case of
inverse receptance method, this new method deals with the practical situation in which
measured modes contain complexity due to the nonproportional distribution of structural
damping. The final results of the analysis based on the proposed method are the
response-amplitude-dependent eigenvalues A(R) and eigenvectors ¢(R) which can be used
not only to quantify the degree of nonlinearity but also to derive linearised spatial models
of anonlinear structure. The method has been effectively applied to the data measured
from practical nonlinear structures even when the modes to be analysed are markedly
complex. Also, it isfound that the method does not require the condition of using
constant force to measure the first-order FRF data as long as the force level is large
enough to expose nonlinearity.

On the other hand, for structures whose nonlinearities are such that the measured first-

order FRFs are apparently linear (the nonlinearity is of an nonsymmetrical type), a
higher-order FRF analysis becomes necessary for the identification of such nonlinear

structures. Fundamentally different from the analysis of first-order FRFs (in which only

the fundamental frequency component is of interest), the analysis of higher-order FRFs

takes into account the super-, sub- and combinational frequency components which, in

some practical applications, are as important as the fundamental frequency component.

By extending first-order FRF analysis to higher-order FRF analysis, it can be seen that

linear system theory has been extended in anatural way to cover nonlinear systems. It has
been found that many phenomena exhibited by nonlinear systems cannot be explained

based on classical first-order FRFs, but can be interpreted with a series of FRFs of

different orders. Furthermore, measured higher-order FRFs provide valuable information

about the nature of system nonlinearities and can be used not only to identify structural

nonlinearities, but also together with the first-order FRFs, to improve the response
prediction of anonlinear system due to known input.

Both first-order and higher-order FRF analysis techniques are essentially based on the
classical assumption that the output of a nonlinear structure is periodic if theinput is
periodic. However, it has been recognised that for some nonlinear systems (chaotic




[8] conclusions 252

systtms), a periodic input will result in an output of a random nature. Such a newly-

discovered phenomenon is called chaos and is the most complicated dynamic behaviour
of nonlinear systems. It is believed that the ability to identify such nonlinear behaviour is
of practical importance. In Chapter 4, for the first time, the hidden chaotic behaviour of a
mechanical backlash system with realistic system parameters has been revealed and,

based on this system, qualitative as well as quantitative ways of identifying chaotic
structures are presented. Both numerical studies and experimental investigations have
been carried out. Indeed, there exist wide parameter regions, both in the system

parameters and externa forcing conditions, for which chaotic vibrations occur. Such

nonlinear mechanisms as backlash stiffness nonlinearity represent an extensive group of

engineering structures and it can be expected that many structural systems will exhibit

chaotic behaviour under certain operating conditions. The anticipated engineering

applications of the research work presented include, (i) design of mechanical control

systems, (ii) statistical stress/fatigue analysis and, (iii) condition monitoring and

diagnosis of machinery.

8.2 LOCATION OF STRUCTURAL NONLINEARITY

It is believed that structural nonlinearities, when they exist, are generally localised in
terms of gpatia coordinates as a result of the nonlinear dynamic characteristics of
structural joints, nonlinear boundary conditions and nonlinear material properties. The
ability to pinpoint a structure's localised nonlinearity(ies) thus has some important
engineering applications. First, the information about where the structural nonlinearity is
may offer opportunities to separate the structure into linear and nonlinear subsystems so
that these can be analysed separately and efficiently using a nonlinear substructuring
analysis. Second, since nonlinearity is often caused by the improper connection of
structural joints, itslocation may give an indication of amalfunction or of poor assembly
of the system. Third, from amaterials property point of view, the stress at certain parts of
the structure during vibration can become so high that the deformation of that part
becomes plastic and the dynamic behaviour becomes nonlinear. In this case, location of
the nonlinearity may offer the possibility of failure detection. Finally, the location
information is essential if a nonlinear mathematical model of the structure is to be
established.

Since structural nonlinearities cannot be foreseen and so cannot be analytically predicted,
measurement becomes crucially important in locating and identifying them. Nevertheless,
it isunderstood that such atask asto locate structure’ s localised nonlinearity is difficult to
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achieve (if not impossible) based on measured data alone because they are in general quite

limited and correlation between an analytical model and dynamic test data becomes

essential. Based on such understanding, a nonlinearity location method was developed

based on the correlation between an analytical model which contains modelling errors and
modal test data which are measured at different response levels. The method was then
extended to the practical case where measured coordinates are incomplete by interpolating

the unmeasured coordinates based on the analytical model. Further, it has been shown

that the method can be generalised when measured first-order FRF data are used. As

illustrated in numerical case studies, a successful location can be achieved provided that

the modelling errors are of second order in the sense of the Euclidean norm when

compared with the analytical model itself and some coordinates around where the

nonlinearities are located are measured.

The location technique has been demonstrated by a practical application. The structure
used is aframe structure with alocalised stiffness nonlinearity simulated using an electro-
dynamic shaker and an analogue computer circuit based on feed-back system control
theory. Only a third of the coordinates specified in the analytical (FE) model were
measured. The second bending mode was found to the most sensitive one to nonlinearity
and so was used in the location process. The unmeasured coordinates were first
interpolated using the FE model and then the complete modeshape was used to locate the
nonlinearity. The location process successfully indicates the location of the introduced
nonlinearity.

8.3 MODELLING OF LINEAR AND NONLINEAR STRUCTURES

In the identification of dynamic characteristics of practical structures, anaytical prediction
and experimental modal testing are involved because both have their own advantages and
shortcomings. Using modal testing results to improve an analytical model effectively
makes use of the advantages of both while at the same time overcoming their
shortcomings. It istherefore believed that by doing so, the most reliable mathematical
model can be established.

Since practical structures are continuous, it is apparent that any constant coefficient
models derived to represent their dynamic characteristics are approximate with limits on
the frequency range of applicability. A constant coefficient model can be regarded as a
good model if it will not only predict responses over the frequency range of interest, but
will also be representative of the physical characteristics of the structure. Thus it must
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have the capability to predict the effects of changes in physical parameters and to
represent correctly the structure when it is treated as a component of a large system.

In effort to establish such a good model, many different methods have been developed in
recent years to improve anaytical models using modal testing results. Review and
discussion of those recently-devel oped methods have suggested their limited practical
applicability but at the same time, have revealed some of the existing problems. The full
matrix updating methods such as the Berman's method and the Error Matrix method
tackle the problem of analytical model improvement from a purely mathematical
viewpoint, such as an optimisation one, rather than to consider structural characteristics
aswell, such as physical connectivity. Asaresult, the ‘improved’ model could be optimal
in a mathematical sense, but physically unrealistic. Also, the completeness of measured
coordinatesisin general assumed in those methods and is critical to their success in most
cases in spite of the fact that it is extremely difficult in practice to measure all the
coordinates which specified in the analytical model. Furthermore, modal data are assumed
to be used during analytical model improvement and since the number of measured modes
are often quite limited. Consequently, the updating problem is usually mathematically
underdetermined. Nevertheless, it is understood that the measured FRF data contain, in
theory, the necessary information of all the modes of a structure. Based on such
understanding, a new generalised model updating method has been developed which
tackles the updating problem by directly using measured FRF data. The method allows
the physical connectivity of the analytical model to be preserved and deals with the
practical case in which measured coordinates are incomplete. It has been shown that
model updating methods based on modal data are, in a broad sense, discrete versions of
the present generalised method. Based on this method, the uniqueness of the updating
problem has been discussed in some mathematical rigour. Numerical studies demonstrate
the marked advantages of the new method as compared with other existing methods.

When the connectivity information of the analytical model is available, the model updating
problem can in genera be turned into an overdetermined problem even when, asin
practice the measured data are limited. Therefore, it becomes possible and necessary to
develop criteria concerning just how much data (modes and coordinates) need to
measured in order to solve the updating problem uniquely. Such criteriaare believed to be
practically important because they enable the analyst to judge whether a set of measured
data have the potentia to solve the updating problem so that blind tries can be avoided.

Thefinal target in the analysis of anonlinear structure is perhaps to establish its nonlinear
mathematical model. It is argued that such a mathematical model of a nonlinear structure
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becomes possible only when, on the one hand, an accurate linear mathematical model
(corresponding to very low response amplitude) is available and on the other, the location
information of the localised nonlinearity is given because, unlike the modelling of alinear
structure in which measured data are consistent, a nonlinear mathematical model hasto be
established based on mode by mode basis. Mathematically, structural nonlinearity can be
considered as modelling errors and as a result, the problem of modelling nonlinear
structures becomes the same as that of analytical model updating of linear structures
except that in the former case, a series of linearised models are to be established. In the
same way, the proposed method is ideally suited for the application of nonlinear
structures for which FRF data can be measured while modal data are sometimes difficult
to obtain.

8.4 SUGGESTION FOR FURTHER STUDIES

Whereas extensive research work on the identification of the dynamic characteristics of
nonlinear structures has been carried out in this thesis, the study undertaken has revealed
that some further development in the field may be necessary and of interest. Some genera
suggestions for possible further studies are summarised below.

Although extensive numerical simulations have been carried out in order to assess the
practical applicability of the measurement and analysis of higher-order FRFs and it can be
anticipated that similar results can be obtained in practical measurement as those of
numerical simulation, no real measurement has been undertaken in this study due to the
limited period of time available. Further research on the measurement of clean, consistent
higher-order FRFs of practical engineering structures is recommended.

As discussed in Chapter 4, it can be envisaged that the existence of chaotic behaviour of
such a simple nonlinear mechanical system with backlash stiffness nonlinearity will have
important engineering applications such as fatigue analysis, condition monitoring and
robotics design. Studies on these specific applications are recommended.

The nonlinearity location technique developed in Chapter 5 needs to be applied to more
sophisticated practical nonlinear structures. In this study, the application has been made to
a numerical study and a comparatively ssimple frame structure due to the difficulties
involved in designing a nonlinear structure with known localised nonlinearity.
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Asfor the mathematical modelling of nonlinear structure;, it has to be mentioned that the
mathematical models obtained based on the measured first-order FRFs are only the first
order approximation of the true models of nonlinear structures. In order to improve the
modelling accuracy, it is obvious that the measured higher-order FRFs should be
incorporated into the modelling process. Some research work on this subject is necessary.
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THE SINGULAR VALUE DECOMPOSITION

The singular Vaue Decomposition (SVD) is a mathematical tool which has proven to be
very useful in many engineering applications and has accumulated many technical
publications. It is not our purpose here to present afull and rigorous mathematical
description but, instead, to give asimple introduction to the technique and to highlight its
specific applications to the determination of the rank of a matrix and to the solution of a
set of overdetermined linear algebraic equations which are necessary in the analytical
model updating process as discussed in Chapters 6 & 7.

A review of the singular Value Decomposition of a matrix is given in [101] which
includes a bibliography dealing with agorithms and applications. Improved algorithms
can be found in [102-104]. Fortran subroutines are presented in [105] for real matrix
cases and in [106] for complex matrices. In this appendix, we shall discuss the case
where the matrix [A] to be decomposed is of dimension mxn with m2n, although the case
m<n can be treated by applying the analysis to the transpose matrix [A]™.

The SVD of areal matrix [A] results in three component matrices as follows,
[Alnn = Ulmem [Elmen [V (ALl)
where the component matrices are described as:

[Ulpxm Orthonormal matrix with its columns called left singular vectors,
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o, 0
G2
[Zlnxn =
0 Cn
0 . 0 Jmxn

that

[V]xn Orthonormal matrix with its columns called right singular vectors.

Since [Ul pxm and [V« are orthonormal matrices, they satisfy
Uk Ulixm = [WUliuxn [Ulism= [ Jingm (A12)
VTl Vien = Voo V1Tgn = [ Jnxn (A13)

Similarly, the SVD of a complex matrix results also in three component matrices as
follows,

[Almxn = [Ulmsm [Zlaxn [VEin (AL4)
where \WI|,,, and WI|,, are unitary matrices and [V1iis the complex conjugate
transpose of [V] - Since [Ulpxm and [V, are unitary matrices, they satisfy

U1 Wl = W, [UIB L = 11 ] (AL5)

Vil Vi = WI,,, VI, =[1 1, (AL6)

The singular values are the non-negative square-roots of the eigenvalues of the matrix
[A]T[A], if [A] isred, and of [AJH[A], if [A] is complex. Because [A]T[A] is symmetric
and non-negative definite and [A]M[A]is Hermitian, their eigenvalues are aways rea and
non-negative and therefore, singular values are always real and non-negative. The left and
right singular vectors [U] and [V] are the corresponding eigenvectors of [A][A]T and
[AIT[A] AJ[ATY and [A]H[A] if [A] is complex).
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In numerical calculations, the SVD of [A] isusualy performed in two stages. First, [A] is
reduced to upper bidiagonal form using Householder matrices [101]. Once the
bidiagonalisation has been achieved, the next step is to zero the superdiagonal elements
using QR agorithm[107]. The computational time depends upon “how much” of the
SVD isrequired. For example, if only the information about the rank of a matrix (so the
condition of the matrix) is required, then only the singular values are of interest and the
computational time could be four times less than the case in which al the singular values
and left and right singular vectors are required. In what follows next, we shall discuss the
application of the SVD technique to the determination of the rank of a matrix and to the
solution of a set of overdetermined linear algebraic equations.

In the analytical model updating process as discussed in Chapter 6 & 7, we encountered
the problem of solving a set of linear algebraic equations with n unknowns and m
equations (m>n). We called the set of linear algebraic equations overdetermined because
the number of eguations is greater than the number of unknowns. However, because of
the linear dependence of some of the equations, the coefficient matrix of a set of
‘overdetermined’ linear algebraic equationsis not necessarily of full rank and if thisisthe
case; the solution obtained numerically is likely to be physically meaningless.
Accordingly, it is necessary to check the rank of the coefficient matrix before solving the
linear agebraic equations. Theoreticaly, the rank of a matrix is the number of linearly-
independent rows (or columns) in the given matrix and it is generally believed that the
SVD isthe only reliable method of determining rank numerically. In SVD calculation, the
rank of [A] can be determined by examining the nonzero singular values. Due to the
numerical and/or experimental inaccuracies, it ismost likely that none of the singular
values of [A] will be zero and so [A] is ‘full rank’ according to the mathematical
definition although, in fact, [A] has arank of r<n. One way to circumventing the
difficulties of the mathematical definition of rank is to specify a tolerance and say that [A]
isnumerically defective in rank if, within that tolerance, it is near to a defective matrix. A
matrix [A] issaid to have rank r if, for agiven 6, the singular values of [A] satisfy

0,20,2...20,2020,,,2...20, (AL7)

The key quantity in rank determination is obviously the value ,. The parameter § should
be consistent with the machine precision € in the case of numerica rounding error, e.g. &
=¢llAll and if the general level of relative error in the datais larger than €, asin the case

of experimental investigations, & should be correspondingly bigger, eg. § =102 11 A 1I,,
as suggested by Golub and Van Loan [92]. For our specific problem concerned with
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model updating, we have to make sure that the coefficient matrix is of full rank within
such tolerances. If thisis not the case, different data sets or more data points should be

used.

Once it has been established that the coefficient matrix [A] is of full rank, then the set of
over-determined linear algebraic equations can be reliably and efficiently solved based on

the SVD of [A]. Suppose the problem to be solved is

[Almxn (X}nx1 = {bmx
Applying SVD to [A], we obtain

[U]mxm [Z]mxn [v]'ll';xn{x}nxl = {b}mxl

or

[Elixn Vixa X nx1 = Ulnxm (bl
or

[Zlmxn {2}nx1 = {d)}mx
with

{Z}nxl = [V]'rrl‘xn {x}nxl

{d)ma = W]n];xm (b} mx1

(A1.8)

(AL9)

(ALIO)

(ALID

(A1.12)

(A1.13)

From (A1.11), {z},,, can be easily solved. Having calculated {z},,, the vector {x}

can be recovered from (A 1.12) as

{x}nxl = [V]nxn {z}nxl

(A1.14)
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DERIVATION OF EIGENDERIVATIVES

Sengitivity analysis, the study of changes in system dynamic characteristics with respect

to parameter variation, is being used in a variety of engineering disciplines ranging from

automatic control theory to the analysis of large-scale physiological systems|[ 108]. Some

of the specific areas where sensitivity analysis has been applied include (i) system

identification [80], (ii) development of insensitive control systems[109], (iii) usein

gradient-based mathematical programming methods [109], (iv) assessment of design

changes on system performance [109], and (V) approximation of system response to a

change in a system parameter [ 110]. In this appendix, the derivation of elgenderivatives

for eigenvalues and eigenvectors with respect to the system’ s design parameter changesis
discussed. Eigenderivatives with respect to design variables have been found to be

particularly useful in certain analysis and design applications, e.g., approximating a new

vibration modeshape due to a perturbation in design variable, determining the effect of
design changes on the dynamic behaviour of a structure, and tailoring modeshapes to

minimise displacements at certain points on a structure. Here, the eigenderivatives are
derived for the purpose of analytical model improvement as discussed in Chapter 7.

Methods for calculating eigenderivatives include the modal method [111], Nelson's
method [112] and an improved modal method [113]. The modal method is
straightforward in theory but requires all the modes of system which is sometimes
computationally expensive especially when systems with large dimensionsare considered.

Nelson's method seeks to calculate the eigenderivatives of the rh mode by just using the
modal parameters of that mode. However, one matrix inverse of system dimension (in
fact, of dimension (N-I) where N is the dimension of the system) is required for each
mode in order to solve the linear algebraic equations involved. The improved modal




Appendix D Derivation of Eigenderivatives 262

method aims to derive the eigenderivatives approximately (the eigenderivatives themselves
are only the first-order approximation) by using the calculated lower modes and the
flexibility matrix. In the following, all three methods are discussed and their advantages
and disadvantages in terms of computational cost and numerical accuracy are examined.

However, before discussing the methods in detail, it is necessary to mention that athough
discussions have been made on the derivation of eigenderivatives of repeated modes
[ 114], only the eigenderivatives of distinct modes are presented in this appendix. On the
other hand, as it will be needed in later discussions, we state here that for any static
structure whose mass and stiffness matrix are symmetric and whose mass matrix positive-
definite (which is the case of interest here), the complete set of eigenvectors of the system
forms a complete linearly-independent base and so any vector of the same dimension can
be expressed as a linear combination of all these eigenvectors. This argument is briefly
proved as below. The matrix representation of the vibration eigenvalue problem is

[K]{9}i - 2;IM] {¢}; =(0)} (A2.1)
Since [M] is symmetric and positive-definite, [M] can be decomposed as[92],
M] = L)L)’ (A2.2)

where [L] is a non-singular lower triangular matrix. Upon substitution (A2.2) into
(A2.1),

[K]{0}; - A [L] [LTT{0}; =(0) (A2.3)

Since [L] is non-singular, pre-multiply both sides of (A2.3) by [L]}, so that (A2.3)
becomes

L1 K1 ()i - ; [L1T(¢); =(0} (A2.4)
Let {z};=[L]T{¢}; and substitute into (A2.4), then
Ly KLY {2); - A {2); = {0) (A2.5)

Since[L]? [K] [L]‘T isreal and symmetric, the complete set of eigenvectors of {z}; forms
a complete orthogonal base, regardless of the existence of repeated modes [92]. On the



Appendix D Derivation of Eigenderivatives 263

other hand, since [L] is non-singular, [¢] = [L]T [z] forms a complete linearly-
independent base.

THE MODAL METHOD
Differentiating (A2.1) with respect to the rh design variable py:

(K] - x[Mnaég’ 5, 9] M (0),=(0)  (A26)

Assumethat {¢}; is normalised such that
(6)TM] (0); = 1 (A2.7)
Multiply both sides of (A2.6) by {¢}T and using (A2.1) and (A2.7), then

= (07 2 o), - (01T %R (9, (n28)

oA,

3, -
From (A2.8), it can be seen that the eigenvalue derivative is determined by the mode
itself. Since as discussed, the complete set of eigenvectors forms a complete linearly-
independent base. Therefore, without any loss of generality, the ith eigenvector derivative
which is a vector can be expressed as a linear combination of all the eigenvectors of the
system:

28k 2 By (9, (A29)

In order to calculate the coefficientsBy;, substitute (A2.9) into (A2.6) and pre-multiply
(A2.6) by {6}], then

d[K] o[M] OA,
HE S

(6} (IK] - % [M]) ZB,k (0} + {0 ~3p. M) (6);=0

k=1
(A2.10)

In the case jti, (A2.10) can be simplified to solve for B;
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K] ., 9[M]
(0)] o= - Mi 5p ) (0
pii = ——— P P , (A2.11)
’ Ai - A

When j=i, B;; can be computed from the mass-normalisation condition. Differentiating
(A2.7)

017 I (0),+ 2007 vy 22 = g (A2.12)
Substitute (A2.9) into (A2.12), then B;; becomes
By = - 5 (0)] Q%f—] (0} (A2.13)

From (A2.11 and A2.13), the derivatives of ith eigenvector are related to all the modes of
the system. Also from (A2.11), it can be seen that the method breaks down when the
eigenvector derivatives of repeated modes are to be calculated because for some j, the
denominator of (A2.11) becomes zero.

NELSON'S METHOD

As discussed above, al the eigenvectors of a system are required in order to calculate the
elgenderivatives of one single mode based on the modal method. As mentioned in §6.4.5,
such complete eigensolution can be very expensive when systems of high order are
concerned. In practice, usually only the few lowest modes which are of interest are
available based on a partia eigensolution. In order to cope with such a practical situation,
Nelson developed a method which seeks to derive the eigenderivatives of the r mode by
using only those components of the mode itself.

The derivative of the eigenvalue is the same as expressed in (A2.8). After the eigenvalue
derivative is calculated, the corresponding eigenvector derivatives can be determined as
shown below. Define {f } and [G] as

(1= A I i) (o) and (Gl=(KI-HIMD)  (A214)

then equation (A2.6) becomes
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[G] —aa%:-}i = {f} (A2.15)

Note that [G] has rank (N-I) (assuming A; is a single eigenvalue) and nullspace {¢};
(nullspace of a matrix [A] is defined as the set of vectors (xX) such that [A] (X]=(O)).
This means that for any {o} satisfying [G] {c}={f },{o}+Y{ 6}, is aso a solution, where
v is any real number. The approach is first to find some particular solution {o}, then to

o{¢}

find vy so that {o}+y{¢}i-$". A suitable {6} can be found by setting one element of
I

{o} to be zero (since [G] is rank 1 deficient) and solving the remaining elements. This
will work for any (f} in the range of [G] (the range of matrix [A] is defined as the set of
vectors {y } such that {y}=[A]l{x} for some {x} and the necessary and sufficient
condition for the existence of exact solution(s) of [A] {X)=(y) isthat (y }isin the range
of [A]) as long as the corresponding element of {¢},isnonzero. This suggests the
following agorithm:

1) Find k such that ljpwl = 11 {¢};ll., = max ;.
) ;
2) Delete the kth row and column of [G]—[G] and k' element of {f)+(J)
and let 6,=0 and by removing it from (a) = {3]}.

3) Solve the reduced linear algebraic problem [G] {&} = {7}.

Since [G] is rank 1 deficient and {f) isin the range of [G] (since we know {0} exists),
the resulting {c} automatically satisfies [G] (0)=(f). The reason for choosing such a k
(the eigenvector element with maximum magnitude) is to make sure that the reduced
coefficient matrix [G] is rank full and numerically well-conditioned so that {8} can be
uniquely and accurately determined. This is illustrated as follows. Defining [A]l=([K]-
A,[M]) and partiti oning the matrices, (A2.1) can be written as

(AL (Al ¢ [AL | [l (oD
(AL a (AN Y % =940 ¢ (A2.16)
L A1} (AN Al d LepJ Lo

where [A];; are the partitioned matrices of ([K]-A;[M]), a is the k,k element of ([K]-
A[MD), {0;}; and {¢y}; are the partitioned subvectors, and ¢y the kth component of {¢};.
Multiplying out (A2.16) and moving the ;¢y term to the RHS, (A2.16) becomes
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Al : 1AL | (o) (Al
(AR D (A | ] - P= i | A (A2.17)
L (AT} (1AL d Ule) (Al

If ;6 isnonzero and assigned a specific value, then subvectors{ ¢;}; and {¢,}; must be
uniquely determined by solving (A2.17) whose coefficient matrix has rank (N-1) when A;
isasingle mode. This argument also shows that when. ¢, is nonzero, the kth column of
the NxN matrix in (A2.16) isalinear combination of the remaining (N-I) columns and

the remaining (N-1) columns are therefore linearly independent. Also, from a numerical
point of view, .¢, should be chosen to be the the element with maximum magnitude so

that the coefficient matrix of (A2.17) and so [G] is well-conditioned in terms of its
inverse.

As can be seen from the above discussion, the process of deriving eigenvector derivatives
based on Nelson's method preserves the sparseness and banded structure, if any, of [G],
which allows for efficient solution of [G1{&}={F}.It remains to find the scalar y.
Substitute{o}+y{ ¢}; into (A2.12):

()T %%‘l (0); + 2(6)T M ((0) +7(6);) = 0 (A2.18)
v=- (07 M1 (0); - 05 ()T B0 (o), (A2.19)
A\

and%{)g;}i based on Nelson’s method. Note that this

T T

This completes the solution for

method has the desirable properties of preserving the structure of [M] and [K] (allowing
more efficient solution) and requiring the knowledge of only one elgenval ue-eigenvector
pair. Both properties are important in realistic structural problemswhere [M] and [K] have
very high order.

IMPROVED MODAL METHOD

The improved modal method seeks to calcul ate the eigenderivatives approximately using
the lowest m (m«N) pairs of eilgenvalues and eigenvectors obtained based on partial
elgensolution. The eigenvalue derivatives are related to the modes themselves and they are
expressed in (A2.8). In order to calcul ate the elgenvector derivatives, rewrite (A2.9) as
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0{0}; =B; {6); + (z); where {z}; = iﬁ {9}; A2.20
W i i i i i< 1 J ( . )

j=#i

Using (A2.11), (2) ; can be written as

N
T
(2); = ZB,J o= Yy ol By,
=1 —f A= )
i* p=1
j#i
T . T
2 ”’—1—{—} (0); + Z {i_}L% (0}, (A221)
13 pEma
where {F};=( %pﬁl - ,a[%)(mqnd we have assumed that i<m. If the eigenvaues

are numbered according to their magnitude in ascending order, then for the class of
problems with alarge frequency gap is

A- A=A for j > m (A2.22)

It is clear that the above approximation is very accurate for j»m. Thus (A2.22) can be
approximated as

N
TI(F T (F).
{—%& IR I S LT AeE
.= . M j = m+ -

which can also be written as

- T(F) T(F
{z}i-zz{f Z{‘l’i—{——m} Z{‘“ 0); i (),

13

(A2.29)
In equation (A2.24), only the middle term is unknown and it can be calculated using the
flexibility matrix as shown below.
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Since from the theory of algebraic eigenvalue problems, the flexibility matrix [K]™! can be
calculated from the system’s eigenvalue and eigenvector matrices as

N
()T
K11 = [¢]1 (AT [0]T = Z {¢{ {:} (A2.25)

i=1 !

Using this spectral decomposition of (A2.25), the middle term of the RHS of (A2.24)
becomes [K]™! (F) ; and (A2.24) can be written as

- T (F). - T (gy.
(2); = E @) i oy - ey, - Y Wil ) (a2
Y Y
1=1 | j=1
J

#

We note that the [K]"1{F}; term in (A2.26) approximates the effect of higher uncalculated
modal components on eigenvector derivatives of lower modes. With {z}; being obtained
and B;; as expressed in (A2.13), the eigenvector derivatives of ith mode can be simply
calculated based on (A2.20).
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APPENDIX |IlI

R

DETAILS OF EXPERIMENTAL WORK
1. THE BEAM/ABSORBER STRUCTURE (USED IN CHAPTER 2)

The Beam/Absorber test rig, as referred in Chapter 2, is an existing apparatus used for
standard projects for many years and was not specially designed for research. A
photograph of the rig and its main components are shown Fig. A3.1.1 and Fig. A3.1.2.
The physical dimension of the main beam and the centre mass are shown in Fig. A3.1.3

and Fig. A3.1.4.

Fig. A3.1.2- Main Components of the Beam/Absorber Rig
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Fig. A3.1.3 - Dimension of Component No. 1 (Main Beam)

70

125 . 10

Fig. A3.1.4- Dimension of Component No. 2 (Centre Mass)

Component No. 3 is a uniform beam with dimension (length x width x height) being
760x20x4 (al dimensions are in mm) and Component No. 4 is arigid mass with
dimension 80x40x40 as shown in Fig.A3.1.1.

2. DETAILS OF CONSTANT FORCE CONTROL

In some modal tests, such as for the measurement of structural nonlinearity, it is required
that the amplitude of the excitation force should be kept constant. In cases where the
damping of the structure to be tested is not very light (i.e., if the damping ratio is of the
order of 1% or more), the amplitude of the excitation force can be controlled to be
constant based on a feed-back control loop as shown in Fig.A3.2.1.

Amplifier to structure
Shaker = Force Gauge >
Unit =
\ Hﬂ '1;<II;: increase the generator output V F = Actua Force
=F* next frequency point ‘=
If F>F* decrease the generator output V F* = Target Force
\Y Freguency Compter
Response
Analyser F*

Fig.3.2.1 - Excitation Force Amplitude Control
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Fig. A3.1.4 - Dimension of Component No. 2 (Centre Mass)

Component No. 3 is a uniform beam with dimension (length x width x height) being
760x20x4 (all dimensions are in mm) and Component No. 4 is a rigid mass with
dimension 80x40x40 as shown in Fig.A3.1.1.

2. DETAILS OF CONSTANT FORCE CONTROL

In some modal tests, such as for the measurement of structural nonlinearity, it is required
that the amplitude of the excitation force should be kept constant. In cases where the
damping of the structure to be tested is not very light (i.e., if the damping ratio is of the
order of 1% or more), the amplitude of the excitation force can be controlled to be
constant based on a feed-back control loop as shown in Fig.A3.2.1.

Amplifier to structure
— | Shaker = Force Gauge -
Unit F
1 If F<F* increase the generator output VV F = Actua Force
If F=F* next frequency point * —
If F>F* decrease the generator output V F* = Target Force
\4 Frequency Computer
Response - P
Analyser F*

Fig.3.2.1 - Excitation Force Amplitude Control
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In the case where the damping of the structure is very low, for the frequency points very
near structural resonance, the response amplitude can become very high and the control of
constant force becomes difficult, then the FRF data at these frequency points should be

left out.



