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ARTICLE INFO ABSTRACT

Communicated by Simon Laflamme The identification of nonlinearities that have a significant impact on dynamic behaviour of
complex mechanical structures is necessary for ensuring structural efficiency and safety. A new

Keywords: methodology for structural identification of nonlinear assemblies is proposed in this paper that

Nonlinear system identification enables the discovery of stiffness and damping nonlinear models especially when it is not possible

Virtual sensing

to directly measure the degrees of freedom where non-trivial nonlinearities are located. Input-
Bolted structures

Nonlinear damping output time-domain data collected at accessible locations on the structure are used to learn

Reduced-order modelling nonlinear models in the unmeasured locations. This is accomplished by making use of virtual

Model selection sensing and model reduction schemes along with a physics-informed identification method
recently developed by the authors (Safari and Londono 2021). The methodology is suited for
weakly nonlinear systems with localised nonlinearities for which their location is assumed to be
known. It also takes into account dominant modal couplings within the identification process. The
proposed methodology is demonstrated on a case study of a nonlinear structure with a frictional
bolted joint, in numerical and experimental settings. It is shown that the model selection and
parameter estimation for weakly nonlinear elements can be carried out successfully based on a
reduced-order model which includes only a modal equation along with relevant modal contri-
butions. Using the identified localised nonlinear models, both the reduced and full-order models
can be updated to simulate the dynamical responses of the structure. Results suggests that the
identified nonlinear model, albeit simple, generalises well in terms of being able to estimate the
structural responses around modes which were not used during the identification process. The
identified model is also interpretable in the sense that it is physically meaningful since the model
is discovered from a predefined library featuring different nonlinear characteristics.
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Nomenclature

i Counter

n Number of time samples

m Number of degrees of freedom (DOFs)

t Time in sec

q Acceleration vector of full-order model in the physical domain (m/secz)
q Velocity vector of full-order model in the physical domain (m/sec)

q Displacement vector of full-order model in the physical domain (m)

M Full-order mass matrix in physical domain

C Full-order damping matrix in physical domain

K Full-order stiffness matrix in physical domain

F Excitation force on full-order model in the physical domain (N)

fui Nonlinear force (N)

p Nonlinear element’s location

r Number of nonlinear elements

T Transpose superscript

qs Slave degrees of freedom

I Master degrees of freedom

Tg Guyan transformation matrix

Tirs IIRS transformation matrix

Mirs Reduced mass matrix in physical domain

Kirs Reduced stiffness matrix in physical domain

Cirs Reduced damping matrix in physical domain

Firs Excitation force on reduced-order model in the physical domain (N)
K Stiffness matrix of slave DOFs

S Inverse of slave nodes’ stiffness matrix

X Acceleration vector of reduced-order model in the physical domain (m/sec?)
x Velocity vector of reduced-order model in the physical domain (m/sec)
x Displacement vector of reduced-order model in the physical domain (m)
x" Displacement vector of the unmeasured DOFs

x™ Displacement vector of the measured DOFs

D Matrix of linear, mass-normalized mode shapes of full-order model

o] Matrix of linear, mass-normalized mode shapes of reduced model in physical space
(ol Matrix of linear, mass-normalized mode shapes of the unmeasured DOFs
(o Matrix of linear, mass-normalized mode shapes of the measured DOFs
(™) Left pseudo-inverse of matrix ®"

Sk Natural frequency of k™ fundamental mode in (Hz)

Ok Natural frequency of k™ fundamental mode in (rad)

& Damping ratio of k™ fundamental mode

P Mode shape vector of k™ fundamental mode

M; Diagonal modal mass matrix

Cs Diagonal modal damping matrix

K; Diagonal modal stiffness matrix

u Modal acceleration response (m/secz)

u Modal velocity response (m/sec)

u Modal displacement response (m)

y Internal force vector

y Input force vector

ne Number of coupled modes

£1,€2 Stopping criteria for model selection algorithm

mm Main mode

mc Coupled modes

k: Iwan nonlinear model parameter (tangential stiffness)

p Iwan nonlinear model parameter (shape parameter)

Vs Iwan nonlinear model parameter (shape parameter)

fy Iwan nonlinear model parameter (slip force)

og Smooth transition parameter

kq Contact stiffness in clearance model
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d Clearance parameter (m)

Pmax Slip displacement

c Scaling constant

P Vector of structural model parameters to be estimated
Ds Vector of scaled structural model parameters

MSE Mean squared error

AMSE/As Change of two consecutive MSE values

increasingly important in engineering design and in digital twinning of civil, aerospace, automotive and naval structures. Nonlinear
models that better predict the structure’s amplitude of vibrations are best placed to ensure the structural safety when the structure is
subjected to extreme operational conditions. Two main sources of nonlinearity in mechanical assemblies are geometric nonlinearity
and local joints i.e., bolted joints. The sources of nonlinearities actively contributing to the response of the structural system need to be
accurately identified using experimental measurements. Many Nonlinear System Identification (NSI) methods have been developed to
detect, localise, characterise, and quantify nonlinearities directly from measurements in time and frequency domains [1-15]; they
have been used to update and validate dynamic models of structures and assemblies. While detection step looks for deviations observed
in a measured Frequency Response Function (FRF) based on expert judgement [16] and determine the statistical significance of the
deviations [17], localisation step is realised by narrowing down to small number of possible locations based on engineering judgement
[16] or intelligently using trained neural networks [18]. This paper focuses on automating two last steps i.e., characterisation and
quantification which include the mathematical model selection (or form-finding) and parameter estimation for the selected model
[13,16] respectively.

Characterisation and quantification typically involve solving optimisation problems. For example, Restoring Force Surface (RFS)
method [19] using least squares approach in time domain and nonlinear parameter identification method via genetic algorithm
optimisation in frequency domain [20]. An important limitation of these methods is the requirement of measurement from the
nonlinear degree of freedom (DOF) as indicated by their authors as well. Attempts to overcome this limitation have been made based
on neural networks trained using nonlinear frequency responses that help to locate the nonlinearity [18] and discover its type [17,18].
Training a neural network based on many scenarios of location and type (form) of nonlinearities in the system demands an intensive
computational cost, although recent advances in reduced order modelling of nonlinear systems and computational methods for
calculating nonlinear frequency responses seeks to alleviate the cost of this forward simulations [21-23]. Alternatively for structures
with bolted joints, quasi static [24-30] and single nonlinear normal mode [10] techniques have been used to efficiently identify
nonlinearities and update the numerical model while being limited for the cases that modal couplings are not present. In fact, most of
the above cited NSI methods have at least one of the three following main drawbacks: (i) high computational effort, (ii) need to assume
a nonlinear form (function) in the characterisation step which augments epistemic uncertainty, and (iii) ignore/disregard modal
couplings throughout the identification process. To overcome the challenges, there is a growing interest in both academia and industry
in developing data-driven structural identification tools able to identify low-dimensional parsimonious nonlinear structural dynamical
models of complex mechanical systems. In data-driven methods, model reduction is carried out first, and then model selection methods
are employed to identify the nonlinear dynamics in the reduced coordinates using regression techniques [31-33].

Regarding the reduced order modelling, the shared goal is the projection of the nonlinear response of the system onto a smaller
number of DOF. Projection-based techniques reduce the model using modal basis either globally (Guyan static reduction [34], System
Equivalent Reduction Expansion Process (SEREP) [35], Hurty/Craig Bampton method [36], Iterative Improved Reduced System (IIRS)
[37]) or locally in which Principal Joint Strain Basis (PJSB) is used as an optimal local basis in [38] to reduce the size of the problem
only in the joint locations. Locally reduced model is subsequently employed to identify a macro-model for the joints when the mea-
surements are available in the joint vicinity and the couplings of the local modes are neglected [38]. Alternatively, there are ap-
proaches that carry out model reduction based on measured time-domain data (POD-Galerkin method [39], manifold learning
techniques [40,41], autoencoders [42] or local basis approximation approach [22]).

Reduced order models derived using projection-based techniques when updated enable virtual sensing which combines the in-
formation in vibration measurements with the information in the Finite Element Model (FEM) of the structure. This feature is
particularly helpful to expand the responses from measured to unmeasured locations and update the models of local joints existing in
the FEM. Recently developed frequency-based sub-structuring approaches such as System Equivalent Model Mixing (SEMM) [43] are
useful extensions to SEREP [35] that allows for similar accuracy with almost half the number of required experimental measurement
points. SEMM has been used for identifying the joint dynamics with linear behaviour [44], however, its application to identify
nonlinear joints needs further research. Virtual sensing and reconstruction of the physical responses in the linear structures can be
carried out using only a few modal bases using projection-based method. When applied to nonlinear structures, it demands a high
number of modal bases to accurately approximate the responses of the large-scale structures with nonlinear modal couplings.
Therefore, this method might lose accuracy and effectiveness [23]. To the best of the authors’ knowledge, the application of virtual
sensing has not been explicitly addressed in the context of nonlinear identification. Therefore, it is essential to understand how model
reduction and virtual sensing can be used to identify nonlinear models of local nonlinearities and reconstruct physical responses in
unmeasured locations. Nevertheless, it should be noted that it is not the aim of this work to perform a comprehensive comparison of
reduction/expansion techniques.

To address the limitation of assuming nonlinear model form, several automated model selection algorithms have been developed
previously, including the Forward Regression Orthogonal Least Square (FROLS) algorithm [43] which is used in NARMAX variants
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[44], Polynomial Nonlinear State-Space (PNLSS) [10], Sparse Identification of Nonlinear Dynamics (SINDy) [45], and Conditional
gradient-based Identification of Nonlinear Dynamics (CINDy) [46]. These model selection algorithms have been commonly applied for
the problems with the linear-in-parameters nonlinear models. Although, there are attempts recently to include parameterised
nonlinear-in-parameter models in the library of candidate models [47], the complex form of nonlinearities in the engineering struc-
tures requires physics-informed model selection algorithms to deal with nonlinear models that are not linear-in-parameters. Moreover,
Neural Network (NN)-based methods have been recently proposed to extend models of linear systems to include nonlinear models [48]
and also helps to learn and approximate the system’s Nonlinear Normal Modes (NNMs) [42]. The NN-based techniques, in contrast to
sparse identification ones i.e. FROLS, SINDy and CINDy, are defined by exceedingly large parametrizations which typically lack
interpretability or generalisability [45]. Here we understand by interpretability how well the identified model is related to the physical
nature of the structure, for example, frictional model for the joints or polynomial model for the geometric nonlinearities. By gen-
eralisability we refer to the ability of the identified model to predict the behaviour of the identified structure under different loading
within the limits of identified operational levels.

Although, the use of reduced models to describe full system dynamics is not new, its application to formulate a data-driven
nonlinear identification method that discovers models of nonlinearities has been rarely reported [32]. Recently, a new direct
optimisation-based model selection method for systems with only stiffness localised nonlinearities has been introduced by the authors
in [49]. The method explicitly takes into account modal couplings while selecting nonlinear models from a comprehensive library of
nonlinear terms including nonlinear-in-parameter functions. On that account, the main contribution of this paper is scaling up the
methodology proposed in [49] to be applicable for more complex structures with multiple local nonlinear joints. It allows for auto-
mated data-driven model discovery of both stiffness and damping nonlinearities directly using time domain measurement data with no
need to solve forward simulation during identification process. A two-stage model reduction scheme is employed to formulate the
identification problem that allows identifying nonlinearities in known but inaccessible-to-measure locations. In this case, the equations
of motion are projected into the modal domain after a model reduction in the physical domain. Besides, a virtual sensing strategy is
used based on modal expansion in order to relax the necessity of direct measurement in the location of active nonlinear element. The
proposed methodology is physics-informed, as it automatically incorporates nonlinearities into the underlying linear equations of
motion of the structural system, which are assumed to be known, i.e., identified via linear model updating. The application of the
proposed approach is demonstrated on nonlinear assembly with mechanical bolted joints (localised nonlinearities) and on a real-life
experimental setup.

The rest of the paper is organised in five sections. Details of the proposed methodology for structural identification of nonlinear
assemblies are described in Section 2. Section 3 presents the results for a virtual experiment structure where response data are
simulated numerically representing a test condition. Section 4 discusses the application of the proposed method on physical experi-
ment case where responses are measured using equipment conventionally used in modal testing. Lastly, the conclusions and highlights
for future research are summarised in Section 5.

2. Methodology for the structural identification of nonlinear assemblies

This section presents a methodology for characterising and quantifying localised nonlinearities present in the mechanical structures
that the authors have been developing over the past couple of years. The proposed method automatically searches for the best stiffness
as well as damping nonlinear models that can be included into the equations of motion of a mechanical system based on a measured
dynamic response data set. Unlike precedent works [4,49,50], in the methodology below there is no need to directly measure the
response of the structure at the location of the nonlinear elements.

Consider a multi-degree-of-freedom mechanical system of the form below in the physical domain,

Mi() + Cq(1) +Kq())+ S p"fuupa(0).p4(0)) = F (1) )

where M, C and K are the m x m matrices of mass, damping and stiffness, F is the force vector, ¢, ¢, and § are, accordingly, the
displacement, velocity and displacement m x n vectors. Here m is the number of Degrees of Freedom (DOF) and n is the number of time-
domain samples. The nonlinear force vector f;; contains all conservative and non-conservative forces, and p is a location vector of the r
nonlinear elements. In order to keep the equations short, the time instance t is omitted in the later equations.

The methodology starts with identifying and validating characteristics of underlying linear system i.e. natural frequencies (fx),
damping ratios (&) and mode shapes (®y) using one of the standard available methods e.g. Polymax [51]. The identified characteristics
are then used to update the linear FE model of the structure and build the updated mass, stiffness and damping matrices. The dynamic
characteristics of updated underlying linear system are compared to the experimentally identified natural frequencies and mode
shapes for validation. Modal assurance criteria (MAC) based on mode shapes higher than 0.95 and error of natural frequencies less than
1 percent are considered acceptable. Here, it is assumed that the location of nonlinear elements or the features introducing nonlinear
behaviour are known, which is in most practical cases doable as it corresponds to joints, links, or other structural features. For
nonlinear identification, a two-stage model reduction scheme is firstly introduced (Section 2.1) which facilitates the manipulation of
large dynamical models (FE models) and reduces the dimension for both the simulation and identification problems. Secondly, a
physics-informed nonlinear model selection and updating tool is employed for the characterisation and quantification of the localised
nonlinearities existing in the structural system. In the last step, the identified nonlinear model is validated against the measured
experimental data, i.e., time-domain responses or nonlinear frequency response curves. Fig. 1 summarises the methodology proposed
in this paper for structural identification of nonlinear assemblies. It should be noted that the experiment design parts in flowchart refer
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to selecting sensors and actuators locations as well as input excitation type. The following subsections provides detailed information
about different part of the proposed methodology.

2.1. Model reduction and virtual sensing methodology

This section answers the question, how can we identify a nonlinear model if the response of the nonlinear element cannot be
measured directly? To address this question, virtual sensing methodology after model reduction is employed and integrated into the
proposed structural identification methodology.

In the first step, a model reduction in the physical domain is formulated in such a way that we group the degrees of freedom that are
included in the measurement together with the degrees of freedom where the nonlinearity is located as master DOFs and group the
remaining degrees of freedom as slave DOFs. For instance, in bolted structures the joint degrees of freedom would be included in the
master DOFs group.

The IIRS method [37] is employed for model reduction in the physical domain which is highly accurate for linear systems. This
method is selected due to its simple implementation, nevertheless, there are alternatives that could be used within the proposed
identification method, e.g., Hurty/Craig Bampton method [36] and the local reduction using PJSB [38] if the couplings of the local
modes are not neglected. We notice that this linear-based model reduction is appropriate for weakly nonlinear systems [10,52], which
is the case for structures with bolted joints. Thus, the state transformation is considered in the form,

q; | _
{qm } = TIIRS{qm} (2)

where Tygs is the transformation matrix used to transfer the full-order model matrices to the Reduced-Order Model (ROM), ¢,,, and ¢,
are respectively the responses from master and slave degrees of freedom. The IIRS method starts with deriving a transformation matrix
T using Guyan reduction [34]. Static or Guyan reduction [34] is widely used to reduce the number of degrees of freedom in a finite
element model but it is accurate only at zero frequency. Therefore, an iterative equation (Eq. (3)) is employed, which incorporates
inertia terms into the reduction process to produce more accurate estimation of the full system’s response, to calculate the improved
transformation matrix Tygs.

Tigsiv1 = T +SMT yrs ;M ;;éAy,,-KURs.i 3)

where Mjgs; and Kjrs; are respectively reduced mass and stiffness matrices which can be calculated in each iteration as follows

MIIRS,[ = TTIIRS‘iMTIIRS,i:KIIRS,i = TTIIRS,iKTIIRS,i (4)

where superscript T indicates the transpose matrix. Iterations must be carried out for Eq. (3) until the eigenvalues and eigenvectors of
the ROM match those of the full-order model up to a certain degree of accuracy. It is considered here that convergence is acceptable at
1% difference. It is important to include all relevant modes in the reduced basis set when building the reduced order model, otherwise
the nonlinear ROM will not be adequate for its intended purpose. The addition of nonlinearity into the full order model essentially

FEM
Experiment design Low amplitude
(Linear system) vibration test
A
L N ROM in Experiment design High amplitude
Model updating modal domain (Nonlinear system) vibration test
via optimisation I I
v Via , v
Updated linear ~ [lIRS ROMin No adequate Nonlinear ID
FEM > physnc_al nonlinear
domain model - Library -
needs updatin Nonlincar
No il & reduced model
Validated?
Linear model updating F{es Project ROM to modal domain Nonlinear model

and reduction updating

Validation: Updated FEM with
Linear model: comparing experimentally identified natural frequencies and mode shapes Nonlinear elements
against FE model estimation (for example less than 1% error for natural frequencies)
Nonlinear model: (1) MSE value for the selected model ( Eq. (13)a), (2) against measured
time-domain data and frequency response curves.

Fig. 1. Flowchart of the proposed methodology for the structural identification of nonlinear assemblies.
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couples the underlying linear modes of the structure, so additional modes outside the typical bandwidth of interest considered for
linear systems may be needed to account for such interactions [32]. Since weakly nonlinear structures are considered in this study,
modes up to the 7th harmonic of the periodic input frequency are included. At each iteration, the reduced model will become more
accurate. The speed of convergence depends on the choice of master degrees of freedom and a poor choice will lead to a very slow rate
of convergence. In this paper, master DOFs include the nodes of nonlinear elements which are already known and the measurement
points for which a number of low frequency modes is observable. Therefore, appropriate selection of measurement points leads to an
ROM with a good approximation in the frequency range of the that modes [37]. The process of choosing master DOFs is carried out in
the experiment design step for linear system which is indicated in Fig. 1. Here S is calculated based on the stiffness matrix of slave DOFs
as follows

S 0o 0 )
o K
The transformation matrix (Tyrs) can be directly used in the Eq. (1) for model reduction by replacing ¢ = Tjrsx as follows
M jpsX 4 CpypsX + Kjjpsx + Z;l TIIRSTP,-TﬁIIi (P Tursx,p;Tygsk) = Fs (6)

where the reduced mass and stiffness matrices are calculated according to Egs. (4) and the external force is projected based on Fyrs =
TyrsTF. It should be noted that x is used here as the state variable for the reduced model in the physical domain instead of g,,, in Eq. (2).
The damping matrix C was formed using the matrix of underlying linear modal damping ratios & according to equation below.

C = M, diag2w,. 5, |0, "M @
where @y is the matrix of linear, mass-normalized mode shapes @, from the eigenvector problem,
(K- M)gp, =0. ®

Here, K is the underlying linear stiffness and w, are linear natural frequencies where k is the mode number. The reduced damping
matrix Cjjs is also derived similar to the reduced mass and stiffness matrices. The advantage of using a reduced-order model in the
physical domain is that it keeps the measured and nonlinear-related DOFs in the model while preserving the dynamic properties of the
underlying linear full-order model [23,37]. This is particularly of interest since the local nonlinear elements can be added to a linear
model with low dimension in the physical domain which speeds up the numerical simulations.

Once model reduction in the physical domain has been done, the reduced-order model in Eq. (6) is projected into the modal domain
using the matrix of linear mode shapes x = ®u which results in Eq. (9). Here, @ is the matrix of linear, mass-normalized mode shapes of
the reduced order model in the physical domain. Thus, system dynamics can be expressed in terms of the linear modal coordinates u.

M+ Cau + K,u + Z;l<I>TT11RsTﬂz-f;lli(p,-Tuqu)u7P;Tlleq)il) = @ Fs ()]

where My = ®"Mps®, C; = OTCpps®, and K; = @7 Kjjps® are the diagonal modal matrices for mass, damping and stiffness. Diagonal
modal matrices indicate decoupling of the equations of motion in the linear part, however coupling among linear modes remain and
are due to the presence of nonlinear terms in the summation in Eq. (9). There are several key assumptions made during the reduction
process: (a) that the structures behave linearly under low vibration levels, (b) that linear damping is modelled using viscous pro-
portional damping [16,30] and (c) that the nonlinearities’ locations are known. Accordingly, the linear part of Eq. (9) can be written in
the form of Eq. (10) in terms of linear natural frequencies o, and damping ratios £, when the mode shape matrix is mass-normalised.

ity + 28,0t + 05 + ZZZI O Tyrs” pl1r1:(p, Trrs @, p, T s @tt) = " Fiygs (10)

It should be noted that not only the reduced-order models generated in this section can be used to generate fast digital twins,
enabling quick structural performance assessment in the nonlinear regime but also the formulation above aids in identifying the
nonlinear models of the local nonlinear elements, whose responses cannot be measured. This is accomplished using virtual sensing
which is incorporated into the formulation and detailed below.

The displacement x in Eq. (6) is divide into two parts: x™, which is displacement at the instrumented (or measured) DOFs and x",
which is the displacement at the unmeasured DOFs. Similarly, the matrix of linear mode shapes @ in Eq. (10) is partitioned into ®™ and
P as:

@”l
o= {(D,, ] (11)

To estimate the structural responses at an unmeasured degree of freedom (DOF) using the updated linear FEM and the measured
response time histories, a modal expansion approach can be used. For this purpose, u in Eq. (10) can be estimated using x™ and ®™;
consequently, the response time histories at the unmeasured DOFs, x*, can be estimated as

o= (q)m)'f){n 12)

in which (®™) indicates the left pseudo-inverse of matrix ©™.



S. Safari and J.M. Londono Monsalve Mechanical Systems and Signal Processing 195 (2023) 110296

Ultimately, it is evident from Eq. (10) that the modal responses u are projected into the location of each nonlinear element using the
transformations: modal transformation ®, improved transformation matrix Tjgs, and binary location matrix p. Either Eq. (9) or Eq.
(10) can be used directly to discover the nonlinear model and estimate unknown parameters using an optimisation process as presented
in the following sections.

2.2. Parameter estimation

An optimisation problem can be defined based on Eq. (9) or Eq. (10) to estimate the parameters of the underlying linear system as
well as the nonlinear model in the form of nonlinear algebraic regression. This nonlinear algebraic regression was inspired by nu-
merical solvers of dynamic equations of motion, such as the Newmark method [53], which minimises residuals of internal and external
forces. The required data for parameter estimation are the input excitation and structural responses, i.e., acceleration, velocity, and
displacement (see Section 2.5) which are assumed to be measured experimentally. In this study, we assume a general case where all the
parameters in Eq. (9) including linear and nonlinear parts should be updated. The optimisation problem of interest is now specified by
the following cost function which minimises Mean Square Error (MSE) of internal and external forces as follow:

1 ¢ " 2 1 &K1 N 2
Minimise : MSE = — Z (y,,,,,, - ymmi) +— Z— Z (ym,u) = Yem(j), ) (13a)
na= ' e 5 S '
Y =@ Tirs'F (13b)
y=Mu+Cau—+Ku+ Z;:l¢TTIIRSTp,Tj;1[i(p,'TIIRS¢uaﬂ,‘TIIRS¢il) (13c)

where n is the size of the time-series data; y* and y are the input force and internal force vectors respectively. Subscripts mm and cm
indicate the mode number for main and coupled modes, and n, is the number of coupled modes. The mode in which the structure is
excited (close to a natural frequency) is chosen to be the main mode. Coupled modes are those in which a strong coupling to the main
mode is anticipated. These modes can be selected by observing the energy of modal responses such as cumulative energy of time
response.

Any nonlinear optimiser could be employed to solve the optimisation problem defined in Eq. (13a). Several optimisers have been
assessed by the authors in [33] for the general nonlinear identification problem in Eq. (13) which the interested readers can refer to for
more details. Based on those results, we use gradient based Levenberg-marquardt (LM) optimisation algorithm [54] with a multi-start
strategy.

Three factors are essential for successfully running the nonlinear optimisation problem: scaling, initialisation and bounding for all
parameters in the search space. The measured physical responses of the structure and also the information obtained from linear modal
testing help to define a physics-informed space of search and to tailor the optimisation problem for identifying models of nonlinear
mechanical structures. In this paper, a new bi-symmetric logarithmic scaling according to Eq. (14) is used to scale the search space of
parameters which handles negative values while maintaining continuity across zero [55].

py = sign(p)log(1 +120) (142

p = sign(p,)e(—1 + 1071 (14b)

Here, c is a scaling constant which controls how much the search space is compressed/stretched and is set to 1 in this study, p is the
unscaled (true) parameter value and p; is the corresponding value in the scaled space. The employed scaling scheme is suitable for the
multi-dimensional parameter spaces with different order of magnitudes. The bounds for the linear parameters are defined based on the
variations of 5% of natural frequencies and 20% of linear damping ratios obtained from linear modal identification. A low variation for
linear frequencies and high variation for damping ratios are considered. For nonlinear parameters sum of the maximum absolute linear
force finge (inertia max(|Mgq|), damping max(|Cq|) and stiffness forces max(|Kq|)) divided by the maximum quantity of selected
nonlinear term is used for bounding the parameters. For example, in the case that the nonlinear force is described by f;(q) = p(1)¢®, its
parameter p(1) is bounded with +fy,.,/max(|g3|). For considering higher variability in the parameters, it is possible to make the bounds
wider by multiplying a coefficient higher than one. In addition, the maximum relative displacement/velocity in the location of
nonlinear elements is used to define the bound of the parameters with displacement/velocity units in the nonlinear model.

The initialisation for linear parameters is done based on the identified values for natural frequencies and damping ratios from linear
modal testing. The nonlinear model parameters are initialised randomly using multi-start strategy with 50 different values for each
parameter within the specified bounds. Nonetheless, during the model selection estimated values for the parameters of a specific
nonlinear term are recorded to be used in the following iteration of the model selection (see Section 2.3). It should be noted that the
bounding and initialisation are also defined in the scaled space. Interested readers can refer to [33,49] for more details on defining a
physics-informed space of search for the optimisation problem in the context of structural identification of nonlinear structures.

2.3. Model selection method

In this section, forward-backward (FB) model selection algorithm is described for discovering nonlinear models based on the
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optimisation problem define in Section 2.2. The algorithm uses a predefined and comprehensive library of nonlinear terms typically
encountered in common engineering structures (Section 2.4, Table 1). In general, the FB algorithm concerns the forward selection
process of nonlinear terms from the library by adding them to the structural model one at a time. Forward selection has the advantage
that it starts with the underlying linear model and uses the estimated parameters of last selected nonlinear model as initial conditions
before adding a new term in the following stage. In a high dimensional search space, this reduces the possibility of getting trapped in
local minima. Afterward, a backward elimination process is performed to eliminate terms with a negligible contribution and to provide
a parsimonious model. The progressive initialisation of parameters is also considered here while removing the terms one by one. The
important steps of FB algorithm are summarised below, and a full detail may be viewed in [49].
The steps for forward selection include:

1. Minimise MSE in Eq. a) considering one nonlinear term from Table 1 added to the nonlinear model (f;).

2. Repeat step 1 considering different nonlinear term from Table 1 added to the nonlinear model (f;;), until all terms are individually
added.

3. Select the nonlinear term that produced the minimum MSE value and keep it as part of the dynamic model in Eq. (9).

4. If stopping criteria are not met, go back to step 1 and add another nonlinear term; otherwise deliver the nonlinear dynamic model.

The steps for backward selection include:

. Start with the nonlinear model transferred from latest step of forward selection.

. Create a new nonlinear model by eliminating one nonlinear term and minimise the MSE in Eq. (13a).

. Repeat step 2 by eliminating a different nonlinear term from the nonlinear model.

. Once removing each nonlinear term has been examined, select the nonlinear model with the lowest MSE.

. If stopping criteria are not met, go back to step 2 and remove another nonlinear term; otherwise deliver the nonlinear dynamic
model.

a h wnN -

Two stopping criteria, MSE value and AMSE/As, are needed in the process of model selection. Here s is the progression number of
the model selection algorithm. Specifically, MSE value is considered when its value drops lower than user-assigned threshold ¢;.
Besides, when the change of two consecutive MSE values (AMSE/As) is less than &5, the algorithm stops and delivers the nonlinear

Table 1
Library of nonlinear terms used in this study.

Linear-in-parameters nonlinear terms

Index Term Index Term Index Term Index Term
1 alq| 12 lglqg 23 lqlg 34 q°
2 ¢ 13 a*q 24 lql*°q 35 Vidl
3 lalg® 14 lalg®q 25 la*q 36 g
4 q° 15 °q 26 sign(q) or ¢/|q| 37 |Q|3
5 lqlg® 16 lalg®q 27 |dld 38 ql*
6 7 17 7q 28 ¢ 39 I4f°
7 sign(q)v/[ql 18 sign(q)+/Iald 29 ldlg® 40 14/°
8 av/ldl 19 Vidlad 30 ¢ a1 lq”
9 algly/lal 20 Vldlalgld 31 l41¢°

10 @Vl 21 Vidlg®d 32 q

11 qq 22 Vidld 33 |dld”

Nonlinear-in-parameters nonlinear terms

Index Term Description
42 keq Ikeeq] {fs Jenkins model
fysgn(q) otherwise k.: Tangential stiffness, f,: Slip force
43 £((2/(1 + e2%)) — 1) + keq Generalised Jenkins Prager model
o64: smooth transition parameter
44 sgn(q)(ka(lgl —d/2))  Iql)d/2 Clearance model
0 otherwise kq: contact stiffness, d: clearance
45 4-parameter Iwan model
k(v +x+2> ki » i 5A+5)
keq — A S ¢ 1){(Pmax Pmax = Y1 S and y are the shape parameters.
k(f+"—)
x+2
fysgn< ) 19| > Pmax
46 k(5 ed L +1 5-parameter Iwan model
o t (/j 7+2 kt()( +1) C{ o ) 2 g< 0: The ratio of slip force to force required to initiate slip
“a KA+p) a+p |\r+2 y+1 4= fnax
ofy 92 Pmax
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model. These rules are applied contrariwise when eliminating the nonlinear terms using backward regression. Notice that the latter
criterion is determinant in the cases when by adding/removing more nonlinear terms, the model prediction does not improve
significantly.

2.4. Library of nonlinear terms

One of the advantages of using a nonlinear optimisation algorithm for solving the identification problem as defined here in Eq.
(13a) is that linear- and nonlinear-in-parameter functions can be deployed in the library of nonlinear terms. This provides a good
flexibility and accuracy in deriving a parsimonious model for local nonlinearities in the system. In this paper, we consider both stiffness
(displacement-dependent) and damping (displacement- and velocity-dependent) nonlinearities in the identification process since
considering low order polynomials for real-life nonlinearities is only a coarse approximation [10]. The library used in this work in-
cludes polynomial, clearance, and frictional nonlinear model terms which are commonly employed in modelling structures with
nonlinear joints [25]. It should be noted that including hysteresis type frictional models [11], which are normally rate dependent,
needs special attention and are out of the scope of this study. However, this will be considered in the future extensions of this work.
Table 1 shows the predefined library of nonlinear terms used in this study.

2.5. Testing and data processing

Due to the complex behaviour of nonlinear structures (e.g., amplitude-dependent properties, jumps, sub/super harmonics, modal
interactions, etc), nonlinear dynamic testing demands more data and effort than linear testing. In this work, we are considering both
harmonically forced and free decay responses in the time-domain as they provide useful information for nonlinear identification.
Harmonic force (sweep-sine) excites the structure nearby the resonant frequency of a target mode for a particular response level.
Excitation levels should be set based on the performance that is expected over the course of a structure’s lifetime. Besides, free vi-
bration response, when setting the system free after arriving at a desired response nearby a resonance, contains information about all of
the underlying fundamental features of a dynamical system, including those properties that are susceptible to change as a function of
the vibration amplitude. Therefore, the time series data recorded from forced and free decay responses nearby the fundamental natural
frequencies of interest or, alternatively, data for a single sweep-sine test covering a specific frequency bandwidth can be collected.
After that, the data belonging to a single or multiple fundamental natural frequency can be used for model identification.

Accelerometers are the typical response acquisition approach used in modal testing. Here we assume that an array of acceler-
ometers is placed on the structure to measure its dynamic responses at multiple points. The time-domain data required for the proposed
methodology here include acceleration, velocity, and displacement response records and also the applied excitation force. While
acceleration and excitation forces are measured directly, displacement and velocity response data are obtained from experimentally
measured acceleration data by numerical integration [7].

8
Q
g
g
S
Z

(d)

Fig. 2. Illustration of the Brake-Reu beam (a) CAD model, (b) finite element mesh, and point mass, (c) joint configuration, and (d) whole
joint model.
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3. Virtual experiment

In this section, the proposed nonlinear model identification method is demonstrated by identifying mathematical models for
localised nonlinearities of a nonlinear FE model. The model is described in Section 3.1. In order to study the accuracy of different
model reduction orders 4 ROMs are introduced and studied in Section 3.2. In addition, the effects of modal couplings on the response
prediction of the model in modal space is investigated based on the comparison of time series and amplitude dependent dynamic
characteristics of the structure in Section 3.3. Finally, the proposed methodology is used to identify the nonlinear model of the
structure under study.

3.1. Model description

We consider a length-modified Brake-ReuB beam (LBRB) [28] which is shown in Fig. 2(a). The LBRB consists of two beam com-
ponents with square cross-section that are bolted through a three-bolted lap-joint together to form a long beam. The total length of the
beam is about 1080 mm (42.5 in) and the cross-section of the beams is a 25.4 mm x 25.4 mm (1 in x 1 in) square. Three sets of M8
bolts, nuts and standard washers are used for the assembly, which has a 120 mm x 25.4 mm contacting interface. The exact dimensions
and drawings of the structure can be found in [28].

A finite element model for the two components of the beam was built using higher-order hexahedron elements with 20 nodes that
exhibit quadratic displacement behaviour. A linear-elastic, isotropic material model was used and the density, Young’s modulus and
Posson’s ratio were assigned to be 7800 kg/m>, 200 GPa, and 0.29 respectively. MultiZone meshing technique for different zones of the
beam are used such that a denser mesh nearby the joint and a coarser mesh for the far ends of the beam (see the mesh zone change in
Fig. 2(b)). This is different from the other studies [28-30] with uniform dense mesh for all parts.

Owing to its computational advantage, for modelling the bolted lap joint, we considered the “whole-joint” approach presented by
Lacayo et al. [29]. In this modelling technique, the physical bolts are removed and replaced with point masses (See Fig. 2 (b)) at each
side of the bolt hole. The bolt, washer, and nut set weighs 31.34 g. As depicted in Fig. 2(c), the interface is divided into five patches for
each part of the beam: three of equal area surrounding each bolt hole, and two of a smaller area on each end of the interface. The
displacements and rotations of each of these patches is coupled to a virtual node with six DOFs. A set of multi-point constraints (MPCs)
are formulated to set each DOF of the virtual node to the average of the nodes in its corresponding patch. The virtual nodes associated
with two opposing contact patches were then connected to each end of a “whole-joint model”. For each patch, the whole-joint model is
characterised by a linear spring in the normal direction to the patch and a nonlinear element in the tangential direction to the patch
according to Fig. 2(d).

For this virtual experiment example, all five whole-joint models consists of a linear spring with stiffness 1 x 108Nm™! connecting
the normal (Y) direction DOF and a 4-parameter Iwan element (Table 1, No 39) with parameters f, = 2000N, k; =1 x 108Nm™1, y =

—0.5, and = 0.1 connecting the axial (Z) direction DOF. The linear spring represents the stiffness of the interface caused by the bolt
pretension, and the Iwan element represents the friction associated with tangential motion near each joint.

The full-order finite element model consists of 12,492 DOFs. The full-order model is reduced using the IIRS method introduced in
Section 2.1. It is worth noting that we assume the linear structural model to be known for this virtual experiment, but that in the case of
a physical experiment, the underlying linear model would need to be updated (as discussed later in Section 4.2). Here, four different
reduced-order models are created for the sake of comparison. The first model (named ROM1) includes 12 DOFs in (Y) direction which
are kept in the model (representing measurement points - See Fig. 3) on top of the 20 (5 patches x 2 parts x 2 DOF) virtual joint nodes
(representing the DOF where the nonlinear element is connected to) as master DOFs which are used to connect the two beam com-
ponents. As it will be shown later, this model, which is able to explicitly embed nonlinear elements and DOFs in the physical domain,
could be used as an alternative to the full-order model with negligible error. In the second model (ROM2), only 12 DOFs in (Y) direction
are retained as master nodes where the effects of nonlinearities in the system are incorporated based on the transformation matrix
introduced in Eq. (6). The third model (ROM3) describes the system in the modal domain according to the Egs. (9) and (10). Since the
identification problem is formulated based on ROMS3, therefore, its accuracy in responses estimation is important. Another model
(ROM4) is created based on ROM1 where all 32 DOF kept in the model and then reduced to the modal space. In ROM4, only the
measured degrees of freedom are retained in the mode shape matrix in order to transfer the physically measured responses into modal
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Fig. 3. Selected measurement points in the experiment structure.
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responses. Afterward, all degrees of freedom in the mode shape matrix are used when setting the optimisation problem according to Eq.
(13) to map the measured responses into the nonlinear joints appropriately.

The modal Assurance Criteria (MAC) and natural frequencies were calculated to compare ROM1 (derived using the IIRS method)
against full-order FE model. Within 100 iterations of the IIRS procedure based on Eq. (3), the first 10 bending modes of the ROM1
match with those of the full-order model with less than 1 percent error. Fig. 4a shows the MAC for the first 10 bending modes. These
present good results evidenced by the high MAC values in the diagonal. The first four bending linear modes shapes of the structure are
also shown in Fig. 4b for the full-order and ROM1 derived using the IIRS method. It can be seen that the mode shapes estimated using
the reduced-order model are in a good agreement with the full-order model.

In addition, the approximation error of natural frequencies of the first 10 bending mode between the FE model and the ROM1 are
reported in Table 2. Since the approximation error is considerably low (the highest error is 0.24 percent in the mode 9), it can be
justified that the ROM1 with only 32 DOFs can be used as an alternative to the full-order FE Model, within the respective frequency
bandwidth (10-4400 Hz).

Before running the nonlinear time history simulations of the reduced-order FE models described above, the equations of motion in
Eq. (6) undergoes another basis change to remove the rigid body modes. This basis change stems from the definition for constraining
the rigid body modal coordinates,

W;Mlmsx =0 (15)
where @y, is a set of the zero-energy mode shapes (mass-normalized) produced from Eq. (8). The non-trivial solutions to Eq. (15) lie in
the null space of @ Mrs and the set of all non-trivial solutions according to equation below,

L = null(®LMzs) 16)

forms the Ritz basis matrix L that is used to transform Eq. (6) by substituting z = Lx and premultiplying by L” yields the final system
equations of motion,

Miz+Cz+Kiz+ Z:ZILTTIIRSTP,‘T][M(ﬂiTIIRSszp,'THRSLi) =F;. a7
In Eq. (17), My, Cy, K;, and F; are derived as follow,
My =L"MjpsL,C;, = L"CyjpsL, K;, = L"KyjpsL, F;, = L' F ygsL. (18)

Now, Eq. (17) can be solved in the time domain to obtain the nonlinear dynamic responses.

3.2. Simulation responses of reduced models

Here, we run nonlinear time history simulations for the reduced-order models described above to assess their accuracy. Responses
are compared in terms of two amplitude-dependent properties: the instantaneous frequency and damping, which are obtained from
transient free-response simulations using the zero-crossing method introduced by Londono et al. [5]. In this method the structure is
vibrated at the desired resonance condition, the forcing is removed, and the resulting resonance decay vibration response analysed
using zero crossing method to estimate the instantaneous frequency and amplitude of oscillations. For each simulation, equations of
motion were integrated using Hilber-Hughes-Taylor-a (HHT-o) [56] which is a generalization of the Newmark-p method and allows for
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Fig. 4. Comparison of the underlying linear system for full-order model and ROM1 (a) MAC diagram, and (b) first four bending linear modes shapes.
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Table 2

Fundamental frequencies of underlying linear system and error of reduced-order model (ROM1) in the physical domain with respect to the full-order FE model.
Bending mode 1 2 3 4 5 6 7 8 9 10
fn (Hz) 78.56 288.84 515.3 837.91 1329.66 1481.95 1938.58 2509.94 2929.71 4383.22
Error (%) 0.002 1.5 x 10° 5.2 x 10° 1.5 x 10 1.9 x 10° 9.2 x 10° —0.0007 0.007 0.24 0.03
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numerical energy dissipation and second order accuracy.

To compare the reduced-order models, the simulations are initialized from a deformed shape corresponding to the first bending
mode, with amplitude of 4 mm at the tip of beam (point 12 in Fig. 3). Fig. 5 shows the response of the tip of the beam with five
nonlinear joint elements. The comparison of the responses for ROM2 and ROM3 against ROM1, which we here considered as an
alternative to full-order model, shows that the ROM2-3 models can predict the trend of amplitude-dependent instantaneous frequency
and damping. Therefore, they can still be used for model discovery. The response for ROM3 (solid blue line), which includes only 12
measured degrees of freedom and one mode in the modal domain, provides evidence that the form of the nonlinearity can be
discovered even when using only one modal equation of motion. The response generated from ROM4 (where the joint DOFs are also
kept in the model and the reduction to the modal space is done with 12 modes) in black dashed line, shows that including higher modes
and taking modal couplings into account in the equations of motion help in reproducing fairly accurate responses for the full model of
weakly nonlinear systems.

When using reduced-order models for simulation or identification, computational time is a critical criterion. The simulation was
conducted during the time interval of 80 s with sampling frequency equal to F; = 213 Haz. Using the ROMs studied above, the
computational time of a time history dynamic simulation is nearly 40 s, whereas the full-order model with 12,492 DOFs requires more
than 55 min. All simulations have been run on a standard PC with six cores CPU and 16 GB of RAM.

3.3. Modal coupling effect on the parameter estimation

To demonstrate the positive effects of considering explicitly the modal couplings on the model identification and parameter
estimation using the NSI method proposed here, the virtual structure is excited with a harmonic sweep sine force with amplitude 40 N
and frequency sweeping back from 76.5 to 78 Hz at the point 3 (see Fig. 3). After achieving a resonant condition, the force is zeroed,
and free decay responses are obtained. The recorded displacement response from point 12 is shown in Fig. 6a. Three parts of the
response including initial transient, near resonance and decaying parts are selected as training data set (see Fig. 6a) to be used. The
responses include acceleration, velocity and displacement form points 1-12.

Prior to the identification step, two cases are examined to show the application of the virtual sensing which helps to identify the
model of the joints. The measured responses at 12 points are projected to the location of joints using (i) the mode shapes of the full
order model and the binary location matrix p, (ii) the transformations: modal transformation ®, improved transformation matrix Tgs,
and binary location matrix p. For both cases 10 bending modes in the direction of excitation are used. The reconstructed nonlinear
force-displacement responses at the location of an outer joint are compared with the force-displacement response of the true system
joint in Fig. 6b. It can be seen that the two-stage transformation approach is reconstructing the force-displacement response with
better accuracy when discovering the nonlinear model for the joints.

In the identification process, the ROM4 is used based on three different scenarios outlined in Table 3. In these scenarios, modal
equation of motion refers to Eq. (10) and it is important to select the main mode based the excitation frequency for the identification
purpose according to Section 2.2. Modal coupling due to nonlinearity refers to the number of the mode shapes ® used within the
nonlinear part (f,;) of the Eq. (10). When only one mode shape is used within the nonlinear part (f;) it means that no modal coupling is
considered in the identification process. Notice that, as it was described in Section 2.5, the proposed data-driven identification method
considers carrying out regression using acceleration (measured), velocity and displacement (from integration [7]) responses, and
therefore, there is no need to solve the differential equation during the identification process. The modal equation of only one mode is
used for identification within optimisation problem in Eq. (13a) including nonlinear part (f;) with multiple mode (S2 in Table 3). This
phase can be considered as offline phase which is followed by online simulation phase for validation.

For the sake of completeness, we firstly assume that the nonlinear model is known, but that parameters need to be estimated for
each of the abovementioned scenarios. The estimated parameters of the Iwan model are reported and compared with the true pa-
rameters in Table 4.

The nonlinear model for each patch in the joint is considered to have the same form (same physics) but with a different set of
parameters. From Table 4 it can be observed that the estimated parameters for the outer patches (elements 1 and 5) are within a similar
range. The same observation can be made for the inner patches (elements 2 and 4). This is consistent with the structure’s symmetric
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— ISN
T 78| { g
= .= 0.06 1
> =
2775} ROMI (32 DOFs) 1 o
5] . S L
= P ROM2 (12 DOFs) -i 0.04
© 77} |——ROM3(1 mode) | =
- = = =ROM4 (12 modes) . S 0.02 f 1
1074 1073 1072 104 1073 1072
(a) Amplitude (m) (b) Amplitude (m)

Fig. 5. Amplitude dependent response of beam tip (point 12) (a) instantaneous frequency, and (b) instantaneous damping ratio.
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Fig. 6. Response of the beam under periodic excitation (a) Displacement response of the beam tip (point 12) (b) reconstructed force displacement
response of an outer patch joint.

Table 3
Scenarios of using modal equations and couplings in the identification process (based on ROM4).
Scenarios Description
S1 1 modal equation of motion with no modal coupling in the nonlinear part
S2 1 modal equation of motion with modal coupling in the nonlinear part (10 modes)
S3 10 modal equations of motion with all 10 bending modes coupling in the nonlinear part

configuration. Besides, the estimated parameters for the outer patches (elements 1 and 5) are close to the set true values. This would
imply that the nonlinearity in the outer patches contributes more to the system response. Interestingly, the estimated values for the
parameters of the middle patch (element 3) resulted to be negligible, suggesting that the middle patch can be simply assumed to be
linear.

When the MSE values for each scenario are compared, the model with only one mode and no modal coupling has the highest error.
However, when the modal couplings are considered in the model for S2, the error is significantly reduced. It is also discovered that
including the modal equations for the higher modes in the S3 results in a lower fitting error, but the error is comparable to when only
one mode is considered with modal couplings (S2). This could be justified because the model is only excited near its first natural
frequency, and the contribution of the first mode to the system response is much greater than the contributions of the other higher
modes.

Table 4
Estimated parameters of Iwan model using different reduced systems based on ROM4 as per Table 3.
Model Nonlinear element Estimated MSE
fy k: X p

True All 2000 1.00E + 08 -0.5 0.1 -

S1 1 1696.2871 1.00E + 08 —0.4920015 0.1380483 0.37
2 1005.4768 1.00E + 08 —0.1803442 0.2467595
3 34.73 1.00E + 08 —0.01 0.01
4 904.0644 1.00E + 08 —0.1208816 0.2326448
5 1781.5424 1.00E + 08 —0.5545744 0.2217896

S2 1 1945.4488 1.00E + 08 —0.4543532 3.999E-09 0.007
2 2383.3059 1.00E + 08 —0.5616309 0.4474936
3 3473 1.00E + 08 —4.159E-10 1
4 1204.999 1.00E + 08 —0.6558938 2.575E-06
5 2191.0106 1.00E + 08 —0.493441 0.1727594

S3 1 1981.0566 1.00E + 08 —0.4934634 1.54E-08 0.006
2 2087.949 1.00E + 08 —0.4560434 0.1107443
3 8.14E-11 1.00E + 08 —0.9997673 7.95E-11
4 2040.18 1.00E + 08 —0.3717837 0.0905626
5 1924.6249 1.00E + 08 —0.5224398 3.23E-10

14



S. Safari and J.M. Londono Monsalve Mechanical Systems and Signal Processing 195 (2023) 110296

Furthermore, the accuracy of the identified models is shown in Fig. 7 in terms of the modal nonlinear force-displacement rela-
tionship. For this purpose, the response of system with true and identified models (reported in Table 4) is calculated under the same
harmonic sweep sine force with amplitude 40 N and frequency sweeping back from 76.5 to 78 Hz at the point 3 (see Fig. 3) from which
the nonlinear part (f;;) of the Eq. (10) is extracted. From Fig. 7, it is observed that the identified model based on S1 is not accurately
reproducing the nonlinear force. However, identified models based on S2 and S3 are following the force-displacement maps for the
different modes. These results suggest that it is beneficial to consider the modal couplings of higher modes in the identification process
even when a simple modal equation is used. Besides, it can be seen that using only one modal equation (S2) would be sufficient for the
identification of the nonlinear structure in this study and will indeed reduce the computational cost of the identification process.

To further assess the accuracy of the identified models using the abovementioned scenarios, a Monte Carlo simulation is conducted
here. Similar to Section 3.2, zero-crossing method [5] is used to calculate the instantaneous amplitudes, frequencies and damping
ratios from resonance decay responses. A variation of parameters for the Iwan model is considered based on normal distribution and
structural response is calculated for each parameter set. This shows the sensitivity of the dynamic response to the variation of pa-
rameters in the nonlinear model used. A normal distribution is considered for all parameters. The true parameters are used as mean
values (Table 4) with a standard deviation of 5 percent of the mean values. The distribution of the parameters can be seen in Fig. 8a.
Similar modal displacement of 0.004 m at the beam tip (point 12) for the first mode is considered to initialise the simulations of the
models in Table 3. The grey shade in Fig. 8 shows the results of the simulations based on 100 samples randomly generated. The re-
sponses of the identified models (S1-3) are also overlaid in Fig. 8. It can be seen that they all are within the response bounds of the
uncertain true system, and this shows that they might be used to identify and characterise the form of nonlinearity in the structure and
predict the amplitude dependent responses of the system. Therefore, it seems to indicate the promising scenario of only using one of the
modal equations in the model selection process as it is more computationally efficient. Afterwards, the accuracy of estimated pa-
rameters can be enhanced by considering a model with nonlinear modal coupling.
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Fig. 7. Modal nonlinear force of the identified models (a) S1, (b) S2, (¢) S3.
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Fig. 8. Amplitude dependent response recorded at beam tip (point 12) using the identified models (a) histogram with the distribution of nonlinear
model parameters, (b) instantaneous frequency, (c) instantaneous damping ratio.

3.4. Nonlinear model selection

In this section, the nonlinear model selection is carried out based on the approaches and results introduced in Sections 2.3 and 3.3
respectively, and therefore only the scenario S2 is considered (i.e., only the equation of motion for a single mode with nonlinear modal
coupling). That is, here we assume that the nonlinear model is unknown and use the presented approach to characterise and quantify
the model. It should be noted that the selected portion of responses shown in Fig. 6 is used as training data and the stopping criteria
described in Section 2.3 for model selection algorithm are set ¢; = ¢, = 1 x 107, The model selection algorithm is initialised using the
values for the underlying linear system which are assumed to be known. We also assume that the nonlinear model for all 5 patches is
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Fig. 9. Nonlinear model selection of the virtual experiment (a) Forward model selection convergence (b) Backward model selection convergence.
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similar (but unknown). Fig. 9 shows the progression of nonlinear model selection using FB algorithm introduced in Section 2.3. It can
be observed that three terms are added from library to the five nonlinear elements built in the finite element model. This model in-
cludes the combination of following terms in Table 1: {45, 22, 23}|q|q|q|q. Backward elimination algorithm removes two out of three
terms in the nonlinear model, correctly identifying the Iwan model which is the remaining term (number 45 in Table 1). The estimated
parameters for the selected model are identical to what is reported in Table 4 for S2 case.

Fig. 10 presents the comparison of time series obtained at the beam tip for the true (ROM4 + true nonlinear model) and identified
model. As it was reported above, the training data for the model identification are only the input force and responses of the selected
parts in Fig. 6. For validation, a sweep sine excitation force is applied at the point 3 with force amplitude 30 N and sweeping back
frequency between 78 and 76.5 Hz. A good agreement can be observed for different amplitude levels of response between the true and
identified model near mode 1 resonance according to Fig. 10a. Fig. 10b also presents the comparison of response between the true and
identified model near mode 2 resonance for further validation of the discovered model. Here sweeping back frequency between 290
and 288 Hz is used with force amplitude 20 N. The fact that the discovered model are accurate approximations for mode 2 resonance is
also clear from the time history comparison between the true and identified models.

4. Physical experiment

In this section, the proposed methodology is employed to identify and build a mathematical nonlinear model of local nonlinear
elements for the experimentally tested LBRB structure using measurement data. The structure is first tested using a low-level force
hammer test to retrieve the underlying linear dynamic properties i.e., natural frequencies, damping ratios and mode shapes. Based on
these properties the underlying linear FE model is updated in Section 4.2. Then, harmonic forces are used to excite the structure in the
nonlinear regime. The time-domain data obtained from harmonic test is used in Section 4.3 to discover the nonlinear model of the
structure under study assuming that the locations of nonlinear elements are known. The discovered model is validated in Section 4.4
based on different time-domain data and also stepped-sine test.

4.1. The experimental setup and measurements

The dimensions of the LBRB structure tested here are as reported in Section 3.1 for the numerical study. Fig. 11a shows the test
configuration with a close up of the joint in the Fig. 11b.

The beam is made of stainless steel 304 and the connection includes M8 grade 12.9 steel bolts, M8 grade 5 5/16-24 UNF nuts and
standard M8 washers. Before testing, each bolt was tightened first to 14 N.m (70% of the prescribed torque values), with the center bolt
tightened first followed by the outer two bolts, and then all again tightened to 20 N.m (equivalent to pre-tension 11.58 KN) in the same
order. Care was taken to ensure a gap between the vertical surfaces at the ends of the half-width extensions by separating the surfaces
with cardstock (0.2 mm). This bolting procedure was recommended in [57] for best repeatability, which ensures reliable
measurements.

To update the FE underlying linear model of the structure, a roving hammer test is first carried out based on the 12 measurement
points shown in Fig. 3. The mode shapes for the first (81.055 Hz), second (281.64 Hz), third (509.47 Hz), and fourth (833.5 Hz) YZ-
plane bending modes are estimated form the vibration data and shown in Fig. 11c. In addition, the mode shapes obtained from the
updated linear model also presented in Fig. 11c. Section 4.2 describes the details of linear model updating.

For the purpose of nonlinear identification, the structure is excited harmonically at frequencies around the mode more likely to
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Fig. 10. Comparison of time series responses obtained from the point 12 for the true and identified models for virtual experiment structure (a) Mode
1 and (b) Mode 2.
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Fig. 11. The LBRB structure under test (a) test configuration, (b) close up of the joint, (c) first four bending linear mode shapes.

activate the nonlinear behaviour. The tests are conducted using the electrodynamic shaker (GV20-PA100E) attached to point 3 in the
(Y) direction with a force sensor (PCB 208C02) to measure the shaker’s driving force. As the beam was built to be symmetric, only
seven piezoelectric accelerometers attached to the points 3, 6, and 8-12 are used in the tests. First and second bending modes are
selected and excited using a sweep sine with frequency sweep nearby their natural frequency. The duration of time series are 21.875 s
with sampling frequency of 25.6 kHz and the excitation sweeping frequencies are 78-83 and 278-281.5 Hz for the first and second
mode respectively. For each mode, two different set of data are recorded for training and validation, which include free decay after
reaching a large amplitude response around the resonance when the shaker is turned off. The forcing amplitude for training is 25 N,
which near to the first mode resonance drops to 15.5 N (due to the shaker force drop-off -see Fig. 12a). The forcing amplitude for
validation set is 27 N (which drops to 17.3 N due to the shaker force drop-off). The forcing amplitude is set to 20 N for the second
resonance (see Fig. 12b).

In what follows, we analyse the time series data used as training sets. Fig. 12 presents the excitation force and the recorded
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Fig. 12. Measured time histories of the input force and acceleration responses obtained from the point 12 under sweeping excitation (a) Model and
(b) Mode 2.
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acceleration at the point 12 when exciting two first bending modes. Both time series show that the force acting on the structure does
not drop to zero when the shaker is turned off. Which is due to the shaker-structure interaction. The shaker is intentionally attached
near the node point of the first mode; therefore, it can be seen from Fig. 12a, that magnitude of measured force dropped rapidly and
decays to zero in time. For mode 2 on the other hand, as the shaker is connected far form a nodal point, the shaker interaction is
stronger resulting in a reactive force that reduces as the amplitude of vibration decays.

One significant benefit of the methodology discussed in this paper is that it decreases the negative effects of shaker-structure in-
teractions on the identification process by directly using the input force and response time series in the identification process even
when utilising data from the decaying part of the response. However, the nature of shaker-structure interaction is complex and
investigating the effects of this type of phenomena on the proposed identification method still remains an open research topic that falls
outside the scope of this paper.

In order to observe the contribution of different modes in the structural responses, we projected the measured responses into the
linear modal coordinate using ten first bending mode shapes in the measurement direction (see Section 2.1, Eq. (9)). The cumulative
energy for the first ten modal displacement responses is approximated using E, = éf [u(t)|*dt where ty is duration of response. The
results of cumulative energy are plotted in Fig. 13 for both mode 1 and 2 responses shown in Fig. 12. It can be observed that the excited
mode dominates the modal response for both data sets. This observation suggests that considering only the response of one mode might
be enough for model discovery when the mode is excited. For the second mode, although the cumulative energy response of the main
mode is one order of magnitude higher than the other modes, it might be effective to consider additional modes with higher
contribution in the identification process. It is shown in Section 3.3 that considering modal couplings and the harmonics from higher
modes can help with refined parameter estimation. Notice that this difference in terms of cumulative energy is likely due to the
location of the shaker which is optimally placed for exciting the first mode (nearby a node) but is not for the second, and hence,
changing the location of the shaker could improve the quality of the data should mode 2 be dominated by the nonlinear effects.

4.2. Linear model updating

The finite element model is first updated to ensure that it matches the first four bending modes in the measured direction along with
their respective natural frequencies. For the linear model updating all the nonlinear elements are switched to linear springs, but
otherwise, the finite element model is the same as that described in Section 3.1. An optimisation is carried out using a least-squares
algorithm.

The target natural frequencies and mode shapes are those estimated from the low-amplitude vibration tests. The design variables
are the Young’s modulus (initially set to 200 GPa), and the stiffness of the (Y) direction and (Z) direction springs in all five joints. Due to
the spatial symmetry of the bending modes, the Y and Z springs for joint 5 (refer Fig. 2¢) are constrained to be the same as those for
joint 1, and likewise those for joint 4 are constrained to be the same as those for joint 2. It should be noted that the constraint is applied
only for the linear model updating. By reducing the number of unique design variables to seven, we create an overdetermined problem,
which can be solved using least-squares optimisation. The variable space is normalised using logarithmic scale.

The parameters updated at the end of the optimisation problem are listed in Table 5, and the FE model natural frequencies are given
in Table 6. The model mode shapes are compared with those of experiment in Fig. 11. There is an excellent agreement between the
linear natural frequencies and mode shapes calculated from the model and those obtained from the experiment.

4.3. Nonlinear model updating

Now the proposed methodology is applied to identify the nonlinear models for the multiple nonlinear joints using data from the
physical test structure. The identified linear model in the Section 4.2 is used to initialise the nonlinear model updating process. For this
purpose, the values estimated for linear springs of the joints (see Fig. 2) are replaced in the finite element model and the damping
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Fig. 13. Cumulative energy plots for the modal displacement responses (a) Mode 1 and (b) Mode 2.
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Table 5

Updated linear parameters for the LBRB finite element model.
Parameter Value
Young’s Modulus 184.085 GPa

Joints 1 and 5: y-spring

1.95676 x 10° Nm™!

Joints 1 and 5: z-spring 1.70582 x 10® Nm™!

Joints 2 and 4: y-spring 6.44018 x 10° Nm !
Joints 2 and 4: z-spring 9.57534 x 107 Nm !
Joint 3: y-spring 4.41949 x 10" Nm™!
Joint 3: z-spring 1.44823 x 108 Nm™!

Table 6
Comparison between model and experimental natural frequencies.

Bending mode Natural frequency (Hz) Damping Ratio (%)

Experimental Numerical Error (%) Experimental
1 81.055 81.068 0.017 0.1
2 281.64 281.83 0.068 0.07
3 509.47 509.34 0.023 0.085
4 833.49 832.97 0.062 0.2

matrix is created using proportional viscous damping based on the values reported in Table 6. It should be noted that the damping
ratios for the higher modes are fixed at 0.1%.

The three selected portions from the training data for mode 1 (shown in Fig. 12a), which include forced and decaying parts of the
responses, are used here for model selection and parameter estimation. Since it is presented in Fig. 13 that the response of first mode is
dominant, therefore, approach S2 (see Section 3.3) is used within the optimisation problem defined in Eq. (13) which means only the
modal equation for mode 1 is used with couplings up to 10 first bending modes in the nonlinear part. It should be noted that due to the
configuration of the joints the expected nonlinear model form for all five joints is assumed similar, however, different parameter values
can be estimated for each. The stopping criteria described in Section 2.3 for model selection algorithm are set ¢; = 3 = 1 x 10>, The
value for stopping criteria depends on different parameters such as noise level of recorded data and the terms included in the library.
The sensitivity of model selection to the stopping criteria is the topic of our future contribution. The results of the model selection
progression using FB algorithm are shown in Fig. 14. It can be seen that four terms were selected for the nonlinear elements included in
the model (terms: {45, 27, 7, 18} in Table 1). The addition of the fifth model causes the MSE value to rise, resulting in the algorithm to
stop and deliver four terms. After running the backward elimination, one of the terms is removed resulting in a following combination
of terms {45, 27, 18}: (1) 4-parameter Iwan model, (2) p(1)|4|§ and (3) p(2) sign(q)+/|q|g. In the identified model, every term has a
physical interpretation, that is, a physical parameterized model is achieved. For example, the first term selected which contributes to
reducing the discrepancy between finite element model and physical system is Iwan model. This is one of the widely used models for
simulating frictional behaviour. The other two selected models indicate that nonlinearities are both displacement and velocity
dependent.

The estimated parameters for the selection model using FB algorithm are reported in Table 7. The very first observation is that joints
1 and 5 (and likewise joints 2 and 4) have similar ranges of estimated parameters, confirming symmetry of the jointed structure under
study. Besides, the parameters for joint 3 have lower estimated values, specifically the parameters directly related to the force, which
suggests that this joint have a negligible contribution in characterising the dynamics. Therefore, one might sufficiently assume only
linear model for the middle joint.

The identified nonlinear model now needs to be tested through the validation step which is the topic of next section.

4.4. Model validation

In this section, the generalisation ability of the model identified for the structure in the physical experiment is studied. Firstly, a
data set from a different sweep sine test is used for model validation by comparing the time series. Secondly, the results of a stepped
sine test are considered to assess the generalizability of the discovered model for various levels of input excitation and frequency.
Fig. 15a compares the displacement response of the updated nonlinear model against the displacement measured at point 3 under a
sweep sine test with sweeping frequency between 78 and 80 Hz (near mode 1) and force amplitude of 27 N (drops to 17.3 N near
resonance) which applied at point 3 on the structures. After sweeping up, the shaker is turned off in order to observe the decay response
from resonance condition. It can be observed that from this figure that the identified parsimonious model captures most of the dy-
namics of the system. Three close ups are also included in the figure where the predictions are evaluated particularly for initial
transient, nonlinear resonance and decaying responses. A satisfactory match in terms of amplitude can be observed for the initial
transient response with a slight time shift likely due to accumulated simulation errors. The evidence suggests that the model discovered
from data provides a good approximation for the part of the response near resonance, where the prediction is accurate in terms of
amplitude and frequency. Furthermore, the predicted decaying part of the response is highly correlated with the response
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Fig. 14. Convergence of nonlinear model selection for the physical experiment (a) Forward (b) Backward.

Table 7
Estimated parameters of selected nonlinear model using FB algorithm.
Joint No. Selected terms
45 (4-parameter Iwan model) 27 18
1 2
5, ke Y 5 p(1) p(2)
1 3717.659486 170582317.2 —0.5954 0.5065 5214215.175 —0.4397
2 501219.7436 95753449.57 —0.0003 0.9824 80.6606 1.2669
3 706.9696331 144823279.1 —0.4142 0.4142 0 0
4 501,220 95753449.57 —0.0003 0.9824 80.6606 1.2669
5 3710.776185 170582317.2 —0.5954 0.507 5210394.778 —0.4397
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Fig. 15. Comparison of time series responses obtained from the point 12 for the true and identified models for physical experiment structure (a)

Mode 1 and (b) Mode 2.

experimentally measured.

Similarly, the displacement response of the updated nonlinear model is compared against the actual displacement measured at
point 12 on the structures under a sweep sine test with sweeping frequency between 278 and 281.5 Hz (near mode 2) and force
amplitude of 20 N applied at point 3. A good agreement can be observed between the measured responses and responses from
identified model. The identified model is able to accurately reproduce the time domain response near the second mode of vibration in

three different regions: initial transient, nonlinear resonance and decaying responses.

Fig. 16 exhibits a comparison between the predicted acceleration frequency response curves for several excitation levels versus the
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experimental measurements. The experimental steady-state acceleration response amplitude from stepped sine test is obtained and the
maximum value of the last 5 cycles is plotted for each set of forcing amplitude and frequency. Similarly, the amplitude of steady-state
acceleration for each set of forcing amplitude and frequency is obtained from simulation using numerical continuation [58]. In
particular, the prediction accuracy of the identified model near the first resonance is shown in Fig. 16a based on the stepped sine
responses for excitation levels F={0.25,2,5,8,15} N. It can be observed that the frequency shift is captured in different levels of
excitation. The amplitude is also approximated with good accuracy except for two excitation levels F={2,5} N where the identified
model overestimates the response amplitude especially at resonance.

The generalisation ability of identified model is also assessed near the second mode resonance in Fig. 12b. We can see a consistent
match between the measured nonlinear frequency response curves obtained from stepped sine test for excitation levels F={0.25,1,2,4}
N, and the ones simulated with the identified model. Overall, the identified model could reproduce the responses with a satisfactory
agreement with the experimental measurements. Nevertheless, it is observed that for most of the excitation amplitudes for both modes,
the identified model underestimates the damping provided by the whole joint model. It seems to overestimate the damping at larger
amplitudes. It should be noted that the whole joint modelling strategy used in this study is a simple representation of the joint
behaviour that helps to include its effects on the dynamic response of the structure. Therefore, there might be loss of local dynamics
due to the unmodelled complex contact behaviour of the lap bolted joint since the contact area is large and many nodes are in contact.
One might be interested to use the nonlinear model identified in this paper in another structure with a same joint configuration,
however, extra care and further verification would be required, as some parameter tuning might be needed based on the pretension
load of bolts and operational condition.

5. Conclusions

This work presented a methodology and its application for the structural identification of a nonlinear assembly with weak non-
linearities due to bolted joints. The proposed methodology is well suited for mechanical structures which primarily exhibit linear
behaviour but contain active nonlinear elements that become significant at higher excitation levels. Nonlinear models for those active
nonlinear elements are discovered using an optimisation-based approach which for the first time supports identifying simultaneously
both stiffness and damping nonlinearities from measured data. This approach is based on the concept of nonlinear algebraic regression,
which has been inspired by the idea of minimizing residuals of internal and external forces in numerical solvers of dynamical equations
of motion.

One of the main contributions of this paper is that it scales up this identification methodology to be applicable for complex
structures by employing a virtual sensing technique which lifts the necessity of direct measurement in the location of active nonlinear
elements. This is achieved using a model reduction scheme which helps to initially reduce the full-order model into an efficient
reduced-order model in the physical domain. Subsequently, the equations of motion of this reduced-order model are projected into the
modal domain. The equations of motion in the modal domain are directly used to formulate an optimisation problem to select the
nonlinear model and estimate its parameters. The benefit of using a model reduction in the physical domain is that it provides a low-
dimensional model for quick simulations while preserving the dynamic characteristics of the full-order model. Additionally, it helps to
discover the models of local nonlinear elements.

The methodology proposed in this paper automatically discovers nonlinear model for active nonlinear elements using for-
ward-backward model selection algorithm that enables extending the dynamical equations of motion of the underlying linear system
with nonlinear terms. A numerical example followed by an experimental validation demonstrate the application of the proposed
structural identification method to discover the equations of motion while explicitly accounting for modal coupling introduced by
nonlinearities.
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Fig. 16. Comparison of nonlinear frequency responses obtained from experimental test and identification (a) Model and (b) Mode 2.
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The results showed that parsimonious models can be selected from a comprehensive library of nonlinear terms for multiple joints
included in the structure. Not only the proposed methodology allows physical interpretation through the selected model and pa-
rameters, but also the discovered nonlinear equations of motion offer a good generalisation. With the speed at which this data-driven
identification methodology discovers and delivers the nonlinear models of locally unobserved nonlinear elements within the reduced-
order systems of equations, it makes it ideal for updating nonlinear models of complex structures. Note that this approach has been
developed to be performed in well-controlled laboratory conditions, hence, although in principle it could be applied to any full-scale
structure the engineer would need to consider the ability to properly excite the required DOFs at the desired level of amplitude.

It is also important to highlight that the underlying linear modes of the structure under study are well separated and the non-
linearities are weak. The systems with strong nonlinearities typically induce sub- and super-harmonics and efficient identification of a
reduced order model for them may need a multi-harmonic approach and amplitude-dependent reduction basis. Investigating the
application of the proposed methodology for structures with close modes and strong modal interactions is a promising topic for future
works. Also, the sensitivity of model selection to the stopping criteria can be followed in the future contributions. It is hoped that the
methodology presented in this paper will inspire further improvements that will ultimately lead to a new industry standard for ac-
curate and efficient structural identification of nonlinear assemblies.
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