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ABSTRACT
One component that can arguably be considered overlooked in current methods for estimation of
response of structural systems is the accurate characterization and modeling of structural
damping. Traditionally, linear viscous damping has been utilized to model the elastic and
inelastic responses of structures exposed to dynamic excitation. The most commonly used
damping model, Rayleigh damping, is inaccurate in nature and leads to unconservative response
especially in a nonlinear analysis with stiffness softening. However, the actual damping behavior
is a combination of various physical phenomena and it requires energy dissipation mechanisms
of all sources of damping to be included. Structural damping model that exhibits displacementdependent energy dissipation characteristics will provide a more accurate quantification of
internal forces and deformations in the response of buildings and bridges exposed to dynamic
excitations. This paper demonstrates the authors proposal for a damping element model that will
account for the major sources of damping present in a structural system, e.g., friction/slippage of
joints, breakage of nonstructural element as well as forces that develop between structural and
nonstructural components.
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ABSTRACT
One component that can arguably be considered overlooked in current methods for estimation of
response of structural systems is the accurate characterization and modeling of structural damping.
Traditionally, linear viscous damping has been utilized to model the elastic and inelastic responses of
structures exposed to dynamic excitation. The most commonly used damping model, Rayleigh
damping, is inaccurate in nature and leads to unconservative response especially in a nonlinear
analysis with stiffness softening. However, the actual damping behavior is a combination of various
physical phenomena and it requires energy dissipation mechanisms of all sources of damping to be
included. Structural damping model that exhibits displacement-dependent energy dissipation
characteristics will provide a more accurate quantification of internal forces and deformations in the
response of buildings and bridges exposed to dynamic excitations. This paper demonstrates the
authors proposal for a damping element model that will account for the major sources of damping
present in a structural system, e.g., friction/slippage of joints, breakage of nonstructural element as
well as forces that develop between structural and nonstructural components.

Introduction
The source of energy dissipation in structural systems is mostly friction-based [e.g. 1, 2].
Wyatt [1] introduced a ‘Stick-Friction’ model implemented via stick-slip elements to
represent energy dissipation in structural systems. Jeary [2] found that damping remains
constant at low amplitude vibrations, however, it increases with vibration amplitude when
the structure is in the nonlinear behavior region. In addition to the energy dissipated in the
nonlinear hysteretic loops of structural elements, damping increases since contact/material
imperfections are activated. This damping energy reaches a plateau when all material/contact
imperfections are activated. Spence and Kareem [3] proposed a probabilistic approach to
characterize the stick-slip model parameters. In contrast, few researchers have demonstrated
that the total energy dissipation from slip surfaces decreases once all contact surfaces are
activated (i.e. slipped) [4, 5]. Tamura [4] developed a model to quantify the displacement at
which damping begins to decrease. Stake [5] analyzed building periods and damping ratios
from full scale data of buildings in Japan and concluded that damping is amplitude
dependent, and the first mode damping ratio in the small amplitude region increases linearly
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with natural frequency. Similarly, Bernal [6] showed that damping ratios increase with
natural frequency using observed data.
Model Description
We hypothesize that energy dissipation in structures is viscous and friction-based; and propose a
damping element model that captures both sources of energy dissipation. This approach is
similar, but not identical, to the model proposed by Spence and Kareem [3]. The suggested
model differs with [3] in calibration methodology. The suggested model consists of a friction
damper and a viscous damper working in parallel as demonstrated in Fig 1. To implement the
damping element model, this study adopts a continuum representation of the structure [7] where
axially rigid members connect a flexural cantilever beam and a shear cantilever beam as shown
in Fig. 1(a). Deformation in bending and shear configurations can be captured by flexural rigidity
EI and shear rigidity GA, respectively. Parameters that are used to describe this model include: i)
base flexural rigidity, ii) base shear rigidity, and iii) two constant values controlling distribution
of flexural rigidity and shear rigidity along the height. In the latter, quadratic distribution of
rigidity along the height is assumed for low-rises. For mid- and high-rises, a cubic distribution of
rigidity along the height is assumed. These distributions of rigidity along the building height
represent observations of displacement profiles during seismic excitations. Bilinear hysteretic
material properties are used for zero-length elements at each floor.
The suggested model was calibrated based on CSMIP database of strong motion data.
Masses at each floor are treated as knowns based on the floor plan information provided by
CSMIP database. Compared to detailed models, the continuum model used here is preferable
because it is governed by a relatively small number of parameters and can be generalized to
represent a large group of buildings. For example, a model with large flexural rigidity and small
shear rigidity can be representative of reinforced concrete shear walls, and a model with small
flexural rigidity and large shear rigidity can be representative of moment resisting frames.

Figure 1.

(a). A continuum model where a flexural cantilever beam and a shear cantilever beam
are connected via rigid links; (b). A simplified ‘two-beam model’ with the proposed
damping elements.

The continuum model is further simplified as a ‘two-beam model’ demonstrated in Fig.
1(b) to introduce energy dissipation of the model through damping elements. The model consists
of three sets of elements: i) vertical element on the left-hand side denoted as ‘L-beam’, ii)
vertical element on the right-hand side denoted as ‘R-beam,’ and iii) damping elements. The Rbeam is made of material with large flexibility and pinned at the base and is connected to the L
beam representing a rigid diaphragm. The L-beam is an amalgam of rigid elements representing
story heights, connecting zero-length elements that represent the shear and flexure behavior of
the story. Damping elements are then incorporated in this model between every two adjacent
floors, and damping forces are modeled as functions of relative displacement and relative
velocity. Three different sources of history dependent damping forces are considered: i) energy
dissipation through breakage of nonstructural elements, ii) friction and slippage behavior of
joints and nonstructural element contact surfaces, iii) velocity-dependent material viscous
damping. For the nonstructural element breakage, the governing parameters are initial stiffness
Ke1 and yield strength Fy1. It is assumed that no hardening, unloading, or stiffness/strength
deterioration will be observed in the breakage of nonstructural elements. For the frictional
damping element, the governing parameters are initial stiffness Ke2 (≈∞, since very small
amplitude can trigger friction), yield strength Fy2 and cyclic strength deterioration parameter λs.
For simplicity, the first two damping mechanisms are combined, and the force-deformation
relationship of the combined material is modeled by initial stiffness Ke, yield strength Fy and
cyclic strength deterioration parameter λs. The combined material and the viscous damping
material are then included in the model in parallel at every two adjacent floors and are assumed
to be the same at all story levels.
Parameter Identification
Estimation of model parameters can be conducted using nonlinear structure system identification
techniques. Bayesian filter allows recursive updating of nonlinear finite element model using
measured input-output records. For a state-space system representation, Bayesian filter includes
prediction step and update step at each time instant k. The prediction step obtains the density
function of current state xk given observation up to the last time instant y1:k-1, and the update step
obtains the density function of current state xk given observation up to the current time instant
y1:k. Although the algorithm is conceptually plausible, Bayesian solution is almost impossible to
be computed analytically, because both prediction and update steps require multidimensional
integration and the whole state space needs to be explored. Therefore, approximate or suboptimal
solutions shall be adopted.
One approximate approach to implement a Bayesian filter is Kalman Filter (KF) [8],
which approximates the prediction step and update step by Gaussian densities. Prior state mean
and covariance matrices are computed in a prediction step, and posterior state mean and
covariance matrices are calculated in an update step using the correction between predicted
response and observation. For nonlinear systems, Extended Kalman Filter (EKF) [9] which
linearizes the model at the latest state and Unscented Kalman Filter (UKF) [10] which generates
sigma points to match the mean and covariance are two widely used modified Kalman Filter
methods. EKF requires sensitivity analysis of each model parameter with respect to the system’s
response, and UKF is computationally expensive since it requires runs of nonlinear finite
element model for all sigma points.

While Kalman Filter is limited to Gaussian density, Particle Filter (PF) [11] formulation
is capable of sampling from any arbitrary non-Gaussian distribution. At each time instant, PF
draws state particles from transitional prior, and evolves weights of each particle based on the
likelihood function which requires evaluation of the nonlinear system (i.e. one run of the
nonlinear finite element model). The weighted particles then become the approximate posterior
density function. To avoid computational effort being spent on evaluating particles with small
weights (negligible contribution to density function), resampling techniques are applied to
eliminate particles with negligible weights and duplicate particles with significant weights.
Another powerful Bayesian updating method used in this study is Markov Chain Monte
Carlo (MCMC) [12] that can tackle non-Gaussian and non-normalized density functions. In this
method, the posterior distribution of model parameters is proportional to the multiplication of
likelihood function and the prior distribution of model parameters. Metropolis-Hasting algorithm
is used to generate samples from a stationary distributed Markov Chain. The likelihood is
computed once a sample is drawn and evaluated through the finite element model. The sample
then evolves from a proposal distribution and a new sample’s likelihood is computed in the same
manner. Acceptance rate, a function of the ratio of two likelihoods are used to decide if the new
sample shall be kept or discarded. After convergence, the posterior distribution of model
parameters provides the point estimate of parameters as well as the uncertainty level.
KF provides accurate parameter point estimates through data assimilation, but fails to
provide an estimate of parameter uncertainty and distribution since it aims at minimizing the
covariance matrix. KF requires a great amount of computational effort, especially when the
ground motion record is lengthy, since the FE model with the corresponding parameters need to
be evaluated at every time step. To speed up the KF algorithm, data is resampled with a smaller
frequency, aiming at information useful to capture the highest mode of interest. Unlike KF that
pushes parameters estimation towards observed data by updating at each time step, MCMC
requires a large amount of sampling points, and computational efforts might be spent on points
with negligible likelihood. However, it finally leads to a full distribution of parameters where
further statistical analysis can be conducted. In this research, KF is implemented to obtain
preliminary information about parameters, such as relatively accurate mean values of the
parameters. A multi-dimensional uniform distribution around those mean values are then used as
the prior distribution and the objective is to obtain the posterior distribution of the parameters
through MCMC method.
Data Processing
Hysteretic material behavior, such as the plastic deformation and strength deterioration, can
hardly be captured from model updating techniques when the ground motion excitation is not
intense enough to cause the structure to enter the nonlinear zone. In other words, some nonlinear
behavior related parameters are only identifiable when ground motion excitations are strong
enough to generate observations that contain nonlinear information.
Fig. 2 illustrates parameter identification (including linear elastic flexural and shear
rigidity EI/L and GA/L, linear viscous damping coefficient c, initial stiffness of damping element
K and yield strength Fy) process using UKF and simulated data with known parameters.

Response (acceleration) at each floor is obtained from a 3-story ‘two-beam model’ with assumed
parameters. UKF starts from a parameter set with 0.5EI/L, 2GA/L, 0.5c, 4K and 0.25Fy.
Identification of those five parameters requires the use of eleven sigma points where each sigma
point is given a weight according to Wan and van der Merwe [10]. The ensemble is
representative of the true mean and covariance of the parameters. Running the FE model with
parameters at current state leads to a prediction of acceleration at each floor, which is compared
with the noise contaminated response to give an update back to the parameters. Recursively
updating the FE model, parameters are converging to their true values and covariance is
minimized gradually. It can be observed that the 20th second of the ground motion is where
damping elements enter the nonlinear zone. Before this time reference, parameters of linear
elements converge to their true values while parameters of the nonlinear elements cannot be
updated. After the 20th second, nonlinear behavior causes some level of fluctuation in parameter
estimation, but overall, they converge to their assumed values.

Figure 2.

Parameter identification through Unscented Kalman Filter using simulated data

Identifying the source of energy dissipation during highly nonlinear behavior of the
system is difficult yet critical. In such cases, the number of parameters to be estimated is large
and the solution will not be unique. To address this issue a three-step solution is suggested. In
this solution, the response of each single building to multiple ground motions are divided into
three sets: i) low amplitude ground motion with peak ground velocity (PGV) less than 1cm/s and
roof drift ratio less than 0.01; ii) moderate amplitude ground motions with PGV larger than
1cm/s and roof drift ratio less than 0.01; and iii) high amplitude ground motion with PGV larger
than 1cm/s and roof drift ratio larger than 0.01. The first dataset is used to obtain posterior
distribution of model parameters that are identifiable through linear structure behavior, such as
initial stiffness of the damping elements and linear elastic shear rigidity and flexural rigidity.
These identified parameters are treated as knowns and are plugged into the model for the use of
the second dataset where nonlinear behavior related parameters, such as yield strength of the
damping elements, are to be estimated. In the same manner, all identified parameters from the

first two datasets are utilized in the third dataset for the identification of nonlinear structure
element parameters such as yield strength, pre-capping point, post-capping point, cyclic
deterioration and so forth. Ideally each set contains more than one ground motion record, thus
further separated into training data set and test data set. Training data is used for identification of
the parameters and the test data set is used to validate the strength and utility of the model.
In this study, all data sets are selected from sixty-five buildings (717 distinct seismic
events in total) from the California Strong Motion Instrumentation Program (CSMIP) database,
including Steel Moment Resisting frames, Reinforced Concrete Moment Resisting frames and
Reinforced Concrete Walls (i.e., SMRF, RCMRF and RCW). Results from the parameter
identification is used to verify the amplitude-dependent damping concept. Damping elements
generate recoverable energy when vibration amplitude is low, and energy dissipation increases
when these elements are subject to high amplitude vibration. Meanwhile, building period
increases due to stiffness loss in these damping elements. This hypothesis is studied and
analyzed by comparing the distribution of model parameters obtained from observed data.
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