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ABSTRACT
Vibration based structural health monitoring (SHM) approaches are becoming more popular
in recent years for damage identification and response prediction of civil structures. A
common approach in vibration based SHM is model calibration using recorded data.
Calibrated models can be used for damage diagnosis as well as response prediction of linear
and nonlinear structural systems. Among different types of models, finite element (FE)
models offer advantages to mitigate the modeling errors since they can incorporate the
information from geometry and material behavior of structures. Most of the research in this
area involves updating linear FE models of structures, but linear FE models cannot reliably be
used for damage prognosis since civil engineering structures behave highly nonlinearly under
moderate to high amplitude loadings such as earthquakes. The objective of this research is to
develop a framework for reliable nonlinear structural identification for robust response
prediction and damage identification. The unidentifiability issue of nonlinear FE models is
specifically tackled by implementing simpler models, more informative data features, and
advanced optimization and stochastic simulation methods. The first part of the thesis is
focused on developing a method for identification of time-varying modal parameters using
recorded data. The deterministic stochastic subspace identification method is applied on short
windows of input-output data for estimating the time-varying modal parameters of nonlinear
systems, and it is shown that the identified values are more accurate than the most common
output-only methods such as the wavelet transform. In the next parts of the research the
recorded time-domain and extracted time-varying frequency-domain data are used for
calibration of nonlinear models for two complex real-world structures, namely a three story
infilled frame and a seven story shear wall building. The effects of modeling errors and used
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data features on the performance of the calibrated models are studied. In the last part of this
thesis, the nonlinear model calibration is performed in a probabilistic framework. The
maximum a-posteriori values of the modeling parameters and their uncertainties are estimated
and the effects of using different types of data features on the estimation uncertainty and
accuracy of the models are studied.

3

Table of Contents
Dedication .................................................................................................................................. 1
Abstract ...................................................................................................................................... 2
List of Tables.............................................................................................................................. 7
List of Figures ............................................................................................................................ 9
Chapter 1: Introduction ........................................................................................................ 14
1.1

Motivation and Objectives ........................................................................................ 14

1.2

Organization of Thesis .............................................................................................. 15

Chapter 2: Deterministic-Stochastic Subspace Identification Method for Identification
of Nonlinear Structures as Time-Varying Linear Systems ................................................ 17
2.1 Introduction .................................................................................................................... 17
2.2 Input Factors Considered in the Numerical Study ......................................................... 22
2.2.1 Type of Material Nonlinearity (M) .......................................................................... 22
2.2.2 Level of Nonlinearity (R) ........................................................................................ 23
2.2.3 Input Excitation (I)................................................................................................... 24
2.2.4 Length of Data Time-Windows Used in Identification (L) ..................................... 25
2.3 Numerical Simulations ................................................................................................... 26
2.4 System Identification based on Numerical Data ............................................................ 27
2.4.1 Deterministic-Stochastic Subspace Identification (DSI) ......................................... 27
2.4.2 Wavelet Transform (WT) ........................................................................................ 28
2.4.3 System Identification Results .................................................................................. 29
2.5 Uncertainty Analysis of System Identification Results Based on Numerical Data........ 34
2.5.1 Mean and Maximum Estimation Errors................................................................... 35
2.5.2 Effect Screening ....................................................................................................... 37
2.6 System Identification Based on Experimental Data ....................................................... 39
2.6.1 Test Structure and Dynamic Tests Performed ......................................................... 39
4

2.6.2 System Identification Results .................................................................................. 42
2.7 Conclusions .................................................................................................................... 45
Chapter 3: Nonlinear Finite Element Model Updating of an Infilled Frame Based on
Identified Time-varying Modal Parameters during an Earthquake................................. 54
3.1 Introduction .................................................................................................................... 54
3.2

Test Structure Specimen and Numerical Model ........................................................ 58

3.2.1

Test structure and Dynamic Tests ...................................................................... 58

3.2.2

Numerical FE Model .......................................................................................... 60

3.3

System identification ................................................................................................. 62

3.4

Nonlinear FE Model Updating .................................................................................. 66

3.5

Model Updating Results ............................................................................................ 68

3.5.1

Application to Numerically Simulated Data ...................................................... 68

3.5.2

Application to Experimentally Measured Data .................................................. 79

3.6

Conclusions ............................................................................................................... 87

Chapter 4: Nonlinear Model Calibration of a Shear Wall Building using Time and
Frequency Data Features ...................................................................................................... 93
4.1

Introduction ............................................................................................................... 93

4.2

Test Structure and FE Models ................................................................................... 96

4.2.1

Detailed FE Model Used for Simulating the “Measured Data” ......................... 96

4.2.2

Simplified FE Models Used in Identification .................................................... 98

4.3

Nonlinear Model Updating ...................................................................................... 101

4.3.1

Step 1: Calibration of Linear Model Parameters ............................................ 107

4.3.2

Step 2: Calibration of Nonlinear Model Parameters....................................... 108

4.3.3

Model Validation ............................................................................................. 116

4.4

Identification using the Unscented Kalman Filter ................................................... 118

4.5

Conclusions ............................................................................................................. 122
5

Chapter 5: Robust Nonlinear Model Identification of a Shear Wall Building in Bayesian
Framework............................................................................................................................ 129
5.1

Introduction ............................................................................................................. 129

5.2

Test Structure and FE Models ................................................................................. 132

5.2.1

Test Structure and detailed FE model .............................................................. 132

5.2.2

Simplified FE Models Used in Identification .................................................. 135

5.3

Model Identification Process ................................................................................... 137

5.3.1

Deterministic Identification by SA .................................................................. 139

5.3.2

Probabilistic Identification by Bayesian Model Updating ............................... 141

5.4

Updating Results for the Numerical Case Study ..................................................... 145

5.4.1

Linear Model Updating .................................................................................... 146

5.4.2

Nonlinear Model Updating .............................................................................. 147

5.5

Updating the Simplified Nonlinear FE Model of the Structure .............................. 154

5.6

Conclusions ............................................................................................................. 158

Chapter 6: Conclusions ....................................................................................................... 162
Highlights and Findings ..................................................................................................... 162

6

LIST OF TABLES
Table 2.1 Description of input factor and their considered levels .......................................23
Table 2.2 Natural frequencies and damping ratios of the underlying linear 7-DOF systems28
Table 2.3 Mean/maximum estimation errors [Hz] of the identified natural frequencies for
SDOF systems .....................................................................................................36
Table 2.4 Mean/maximum estimation errors [Hz] of the identified natural frequencies for 7DOF systems .......................................................................................................36
Table 2.5 Standard deviation of the mean and maximum estimation errors [Hz] for SDOF and
7-DOF systems ....................................................................................................37
Table 2.6 Natural frequency [Hz] of the first mode identified based on low-amplitude
ambient vibration and 0.03 g RMS white noise base excitation test data before and
after each earthquake ...........................................................................................44
Table 3.1 Updated initial stiffness values (Young’s moduli [ksi]) .....................................72
Table 3.2 Updated parameters of the hysteretic material models (numerical application) .77
Table 3.3 Error metrics [%] and objective function values for the four updated FE models and
the validation case (numerical application) .........................................................77
Table 3.4 Comparison of modal parameters of updated FE model and those identified from
measured data ......................................................................................................80
Table 3.5 Updated parameters of the hysteretic material models (experimental application)81
Table 3.6 Error metrics [%] and objective function values for the two updated FE models and
the validation case (experimental application) ....................................................81
Table 4.1 Updated parameters in each material model .....................................................104
Table 4.2 Considered residuals in the objective function and data features used in each
residual vector....................................................................................................106
Table 4.3 Linear model calibration results ........................................................................108
Table 4.4 Statistics (mean/standard deviation) of identified parameters for material models 13 using 14 different residuals (all except r10 and r11)
111
Table 4.5 Statistics (mean/standard deviation) of Bouc-Wen model parameters using 14
different residuals (all except r10 and r11) ........................................................111
Table 4.6 Average error metrics for updated model using different residuals and material115
7

Table 4.7 Natural frequencies / MAC of calibrated linear state-space models compared with
identified data` ...................................................................................................119
Table 5.1 Linear model updating results for the SA (optimum) and Bayesian model updating
(mean/standard deviation) .................................................................................146
Table 5.2 Identification errors for SA and Bayesian model updating (MAP estimation error)
using different data features (residuals) (at the selected time instances) ..........152
Table 5.3 Identification errors for SA and Bayesian model updating (MAP estimation error)
using r3 residuals ...............................................................................................157

8

LIST OF FIGURES
Fig. 2.1 Hysteretic response of nonlinear SDOF systems (R = 4) to the Northridge earthquake
record with (a) bilinear, and (b) Giuffré-Menegotto-Pinto material models ..........23
Fig. 2.2 (a) Relative acceleration time histories of two SDOF systems with R = 4 and R = 6,
respectively, and Giuffré-Menegotto-Pinto material models subjected to the
Northridge earthquake, and (b) force-displacement hysteretic plot of two SDOF
systems with R = 4 and R = 6, respectively, and bilinear material models subjected to
the Imperial Valley earthquake...............................................................................25
Fig. 2.3 Acceleration time history and Fourier Amplitude Spectra of (a) longitudinal
component of the 1994 Northridge earthquake recorded at the Oxnard Boulevard
station in Woodland Hills, and (b) longitudinal component of the 1979 Imperial
Valley earthquake recorded at the Delta station .....................................................25
Fig. 2.4 Wavelet spectrum of the response of a nonlinear SDOF system (bilinear and R = 6)
subjected to Northridge earthquake at t = 17 second..............................................29
Fig. 2.5 (a) Instantaneous natural frequencies, and (b) damping ratios of a linear SDOF
system identified using the WT and DSI based on its response to Northridge
earthquake ...............................................................................................................31
Fig. 2.6 (a) Instantaneous natural frequencies, and (b) damping ratios of a linear 7-DOF
system identified using the WT and DSI based on its response to Northridge
earthquake ...............................................................................................................31
Fig. 2.7 (a) Instantaneous natural frequencies, and (b) damping ratios of a nonlinear SDOF
system with M = bilinear, R = 6, I = Northridge, and L = 2, identified using DSI and
WT ..........................................................................................................................32
Fig. 2.8 (a) Instantaneous natural frequencies, and (b) damping ratios of a nonlinear SDOF
system with M = Pinto, R = 6, I = Imperial Valley, and L = 1, identified using DSI
and WT ...................................................................................................................32
Fig. 2.9 (a) Instantaneous natural frequencies, and (b) damping ratios of the first three
vibration modes of a nonlinear 7-DOF system with M = bilinear, R = 4, I = Imperial
Valley, and L = 2, identified using DSI and WT (for the first mode only) ............33
Fig. 2.10 (a) Instantaneous natural frequencies, and (b) damping ratios of the first three
vibration modes of a nonlinear 7-DOF system with M = Pinto, R = 4, I = Northridge,
and L = 1, identified using DSI and WT (for the first mode only) .........................34
Fig. 2.11 Estimation error time history of the natural frequencies identified using DSI and WT
methods for a SDOF system with M = Pinto, R = 6, I = Northridge, L = 2 ...........35

9

Fig. 2.12 Coefficient-of-determination (R2) of the mean and maximum estimation errors for
the four input factors and the SDOF and 7-DOF systems ......................................38
Fig. 2.13 Full-scale shear wall test structure........................................................................39
Fig. 2.14 (a) Acceleration time histories of the three considered earthquakes measured on
shake table, and (b) base moment versus roof displacement of the structure during
the three seismic base excitations ...........................................................................40
Fig. 2.15 Time histories of (a) instantaneous fundamental natural frequency, and (b) square
root of an effective global stiffness measure of the test structure, estimated using 1- or
2-second data windows during the three considered earthquakes ..........................43
Fig. 3.1 Test structure on the UCSD shake table .................................................................59
Fig. 3.2 Measured roof acceleration time histories during 67% and 83% Gilroy tests .......59
Fig. 3.3 First floor displacement vs. base shear hysteretic curves during 67% and 83% Gilroy
tests .........................................................................................................................59
Fig. 3.4 Nonlinear FE model of the test structure in OpenSees ...........................................60
Fig. 3.5 Time history of the 83% Gilroy earthquake and the identified first two natural
frequencies of the test structure at 17 points along this record ..............................64
Fig. 3.6 Mode shapes of the first two longitudinal modes identified at t = 13.25 second of the
83% Gilroy test .......................................................................................................65
Fig. 3.7 (a) Simulated roof acceleration response of the structure due to Gilroy base
excitation, (b) instantaneous first mode natural frequency, and (c) instantaneous
second mode natural frequency during the base excitation record .........................69
Fig. 3.8 Identified (average over 0.5-second time window) natural frequencies of the first two
modes at 17 points along the response time history ...............................................69
Fig. 3.9 Comparison of the roof acceleration response predicted using the updated FE model
and the baseline/exact values during low amplitude part of the 100% Gilroy
earthquake ...............................................................................................................72
Fig. 3.10 Comparison of the baseline/exact and model predicted instantaneous natural
frequencies of the first mode during the most nonlinear part of response (left), and the
windowed natural frequencies (averaged over 0.5 second windows) at the 17 points
used in updating (right)...........................................................................................74
Fig. 3.11 Comparison of the baseline/exact and model predicted roof acceleration (left) and
first story displacements (right) responses during the most nonlinear part of response
................................................................................................................................75

10

Fig. 3.12 Base shear force vs. first story displacement hysteretic plots from the four updated
models and the baseline/exact counterparts............................................................78
Fig. 3.13 Comparison of the baseline/exact and predicted responses of the updated model
(Case 1) to 67% Gilroy: (a) roof acceleration response, (b) first story displacement
response, (c) base shear force vs. first story displacement hysteresis, and (d)
instantaneous first mode frequency ........................................................................78
Fig. 3.14 Comparison of model predicted roof acceleration (left) and first floor displacement
(right) with their measured counterparts ................................................................83
Fig. 3.15 Comparison of model predicted and experimentally identified natural frequencies of
the first (left) and second (right) modes at the 17 considered instances .................83
Fig. 3.16 Comparison of model predicted and experimentally measured base shear vs. first
floor displacement hysteretic plots for the two cases of model updating ...............84
Fig. 3.17 Shear force vs. displacement hysteretic plots using the updated model in Case 1 for
83% Gilroy excitation at (a) left wall of first story, (b) left wall of the second story,
(c) left wall of the third story, and (d) center column of the first story ..................84
Fig. 3.18 Comparison of the model predicted (Case 1) and experimental values of responses
to 67% Gilroy: (a) roof acceleration response, (b) first floor displacement response,
(c) shear-first story displacement hysteretic curve, and (d) first mode frequency .86
Fig. 4.2 (a) Seven-story test structure, (b) detailed model used for response simulation, (c)
earthquake record used as input excitation, and (d) the first three translational and the
first two torsional modes of the model. ..................................................................97
Fig. 4.3 (a) Elevation view of the first story of web wall in the detailed model, (b) crosssection of the web wall with different levels of confinement of concrete (no
confinement: white, moderate confinement: light grey, and high confinement: dark
grey background), and (c) uniaxial constitutive laws for unconfined and confined
concrete and steel reinforcement. ...........................................................................99
Fig. 4.4 (a) Simple model with nonlinear beam-column fiber elements, (b) generated parallel
material model by combining selected hysteretic models for steel and concrete, (c)
considered hysteretic models for generating the parallel material model ............100
Fig. 4.5 Stress-strain curves of Popovics (left) and Giuffre-Menegotto-Pinto (right) material
models used for generating the first parallel material model ...............................104
Fig. 4.6 Time histories of the response features used in the updating process: roof
acceleration, roof displacement, first story cumulative hysteretic energy, and timevarying natural frequencies of the first three translational modes during 1994
Northridge earthquake base excitation .................................................................105

11

Fig. 4.7 Acceleration, displacement, hysteretic energy, and natural frequency error metrics for
calibrated models using 16 different residuals and four different material models114
Fig. 4.8 Comparison of different data features between measurements and a calibrated model
using Yassin-Pinto material model and residual r12 (acceleration and frequency) (a)
time-varying natural frequencies, (b) hysteretic energy at the first story, (c) roof
acceleration, and (d) roof displacement ................................................................115
Fig. 4.9 Acceleration time histories of the two motions used for model validation, (a) San
Fernando 1971 recorded at Van Nuys station, and (b) Northridge 1994 recorded at
Sylmar station. ......................................................................................................116
Fig. 4.10 Predicted structural responses to San Fernando (left column) and Northridge (right
column) earthquakes using three calibrated models with material models 1-3 and
residual r7 .............................................................................................................118
Fig. 4.11 Predicted acceleration and displacement responses of the cantilever model calibrated
using the UKF based on either seven acceleration, seven acceleration and one
displacement, or seven acceleration and two displacement channels of data ......121
Fig. 4. 12 Predicted acceleration and displacement responses at different floor levels of shear
building model calibrated using the UKF based on either seven acceleration, seven
acceleration and one displacement, or seven acceleration and two displacement
channels of data. ...................................................................................................121
Fig. 5.1 (a) Seven-story test structure, (b) first two identified translational modes of structure
(top) and first two translational modes of the detailed FE model (bottom), (c) detailed
FE model used for response simulation, and (d) cross section of the web wall element
of the first story in the FE model and the material models assigned to its fibers. 133
Fig. 5.2 Recorded base excitations at the shake table level (left), and recorded roof
accelerations (right) for three tests by historic earthquakes .................................134
Fig. 5.3 (a) Simple model with nonlinear beam-column fiber elements, (b) generated parallel
material model by combining selected hysteretic models for steel and concrete, (c)
considered hysteretic models for generating the parallel material model ............137
Fig. 5.4 Posteriori distributions of parameters of the linear probabilistic model (K refers to
stiffnesses of substructures; σfrq and σmsh are updated standard deviations of the
probabilistic models for frequencies and mode shapes data respectively). The vertical
lines indicate the optimization results. .................................................................147
Fig. 5.5 The simulated data by the detailed FE model, (a) time histories of roof displacement
(top) and roof acceleration (bottom) responses, and (b) instantaneous frequencies of
the first (top) and second (bottom) translational modes. The vertical lines indicate the
points selected for extracting the data features. ....................................................148

12

Fig. 5.6 The posteriori probability density functions of the identified parameters of the
simplified nonlinear FE model. The probability density functions are found by
matching the normal kernel density function to the posteriori samples. The vertical
lines represent the deterministically identified values by the SA. In the figures, B and
SA indicate the Bayesian updating and deterministic model updating by SA
respectively, and r represents the type of the applied data features. ....................150
Fig. 5.7 The instantaneous frequencies (the first two transitional modes) for the use of
different data features. B.C.I. indicates the 95% confidence interval estimated by the
posteriori models in the Bayesian model updating, and SA indicates the response of
the deterministically identified models by the SA................................................151
Fig. 5.8 The roof (left) and second floor (right) acceleration responses for the use of different
data features. .........................................................................................................151
Fig. 5.9 Model validation using the San Fernando 1971 earthquake, (a) roof (top) and second
floor (bottom) acceleration responses, (b) first (top) and second (bottom)
instantaneous transitional modal frequencies. ......................................................153
Fig. 5.10 Model validation using the Northridge 1994 (Sylmar station) earthquake, (a) roof
(top) and second floor (bottom) acceleration responses, (b) first (top) and second
(bottom) instantaneous transitional modal frequencies. .......................................153
Fig. 5.11 The measured/extracted data from the structure during test by Northridge 1994
(WHOX) earthquake, (a) time histories of roof displacement (top) and roof
acceleration (bottom) responses, and (b) identified instantaneous frequencies of the
first (top) and second (bottom) translational modes .............................................154
Fig. 5.12 The posteriori probability density functions of the identified parameters of the
simplified nonlinear FE model. The probability density functions are found by
matching the normal kernel density function to the posteriori samples. The vertical
lines represent the deterministically identified values by the SA. The values are
obtained by matching the frequency and acceleration data, i.e., using the residual r3.
..............................................................................................................................156
Fig. 5.13 Model updating results, (a) time histories of second floor (top) and roof acceleration
(bottom) responses, and (b) identified instantaneous frequencies of the first (top) and
second (bottom) translational modes ....................................................................157

13

Chapter 1
Introduction
1.1 Motivation and Objectives
With the advancement of sensor technologies and system and damage identification
methods, structural health monitoring (SHM) is becoming more popular among researchers
and practicing engineering. A branch of SHM is the vibration based structural health
monitoring that can be used for damage identification of structural systems from the measured
dynamic data and response prediction due to future dynamic loadings. Model based
identification methods can specifically be useful for detecting and estimating damage at the
earliest possible stage, identifying damages that are not easily noticeable, and estimating the
remaining useful life of structures. These methods include calibration of certain modeling
parameters in an inverse problem to match the measured data. Different calibration methods
are applied by researchers for identifying various types of models such as state space and
finite element (FE) models. However, FE models have the advantage of using the information
from the geometry and material behavior of structure and can potentially mitigate the effects
of modeling errors. Most of the cases of FE model updating include updating linear FE
models using identified modal parameters of structures from prior to after events using low
amplitude data, such as the recorded ambient vibration data or the responses to white noise
excitations. Since structures are inherently nonlinear complex systems under moderate to
severe loadings, the linear models cannot be used predicting the response of structures to large
amplitude excitations such as earthquakes.

14

The focus of this research is to introduce a reliable framework for identifying accurate
nonlinear models of structures that can be used for damage identification and structural
response prediction to future loadings such as earthquakes. In this research, nonlinear FE
models of real-world structures are designed based on the information obtained from the
geometry and material models of structure and nonlinearity is defined in the models by
assigning suitable hysteretic material behaviors to their elements. A major problem in
identifying these models is the lack of identifiability for certain modeling parameters. This
problem is tackled by designing parsimonious/simplified but accurate nonlinear models, using
more informative data features by combining extracted frequency-domain data with the
recorded time-domain data, and via powerful computational tools. The role of modeling error
and applied data features on model calibration results is studied by considering different
sources of modeling errors and applying various data features. It is shown that the correct
modeling assumptions such as boundary conditions and nonlinear models of structural
elements are essential for reliable model identification, and the applied data features directly
affects the identifiability of models and the model fit to the data. In the last part of the
research, the parameters of the nonlinear FE models are identified probabilistically in a
Bayesian framework. The effects of used data features on the uncertainty of the updated
model parameters are highlighted, and posteriori models of structures are used for robust
response prediction.
1.2 Organization of Thesis
The research presented in this thesis can be divided in two major parts. The first part,
presented in Chapter 2, is focused on determining a method for estimating instantaneous
(time-varying) modal parameters of nonlinear structures using their recorded data. In the
15

second part that is presented in Chapters 3 to 5, the extracted modal parameters along with the
recorded time domain data are used for identifying reliable nonlinear models of structures.
In Chapter 2, deterministic stochastic subspace identification is used on short window of
input-output data for estimating the instantaneous modal parameters of simple nonlinear
numerical models as well as a seven story shear wall building by employing their recorded
acceleration data. The performance of the method is compared to that of the wavelet
transform used for experimentally identifying the instantaneous modal parameters from
recorded output data. It is shown that the suggested method outperforms the wavelet
transform, and the identified instantaneous modal parameters correlate to the change in the
tangent stiffness of the structure through its nonlinear response. Chapter 3 uses the identified
instantaneous modal parameters of a three-story reinforced concrete infilled frame test
structure for calibrating its designed simple nonlinear FE model. The nonlinear FE models are
identified deterministically using the simulated annealing (SA) global optimization method. In
Chapter 4, the role of modeling errors and applied data features on the performance of the
identified parsimonious deterministic nonlinear FE models of the seven story shear wall
building is studied. The simulated data by a detailed manually calibrated FE model of the test
structure is used for this study. The knowledge obtained from identifying simplified FE
models is utilized for designing more accurate state space models suitable for real-time
identification by an unscented Kalman filter. Finally, in Chapter 5 simple nonlinear FE
models of structure are identified probabilistically in a Bayesian framework. It is shown that
the posteriori distributions of parameters of the identified models can be used for damage
identification and robust response prediction.
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Chapter 2
Deterministic-Stochastic Subspace Identification Method for Identification
of Nonlinear Structures as Time-Varying Linear Systems

Chapter 2 is a slightly modified reprint of the material published in Mechanical Systems and
Signal Processing (2012), Moaveni, B., Asgarieh, E., 31: 40–55. The dissertation author was
the leading graduate researcher for this paper.
2.1 Introduction
Nonlinear system/structural identification is defined as development of structural models
(not necessarily in the form of a physics-based model) using dynamic measurements in the
presence of nonlinearity. Kerschen et al. [1] classified the nonlinear system identification
methods in the literature into the following seven categories: time-domain methods,
frequency-domain methods, time-frequency methods, methods that by-pass nonlinearity using
linearization, modal methods, black-box methods, and structural model updating methods.
Some researchers have had success identifying hysteretic material behavior for civil structures
(e.g., parameters of a Bouc-Wen model) using time-domain methods [2-4], time-frequency
methods [5, 6], and use of unscented/extended Kalman filters for calibration of time-varying
state-space models [7-9]; however, system identification of complex structures with many
degrees of freedom (DOFs) would require estimating a large number of modeling parameters
when numerical models are used. Methods based on time domain metrics require including a
large number of data points from the response time history in the objective function and
therefore, the optimization process can be computationally expensive or prohibitive. More
17

importantly, these methods are usually very sensitive to measurement noise and modeling
errors. To address these shortcomings, nonlinear system identification of large and complex
structures can be performed by extracting low dimensional features such as time-varying
instantaneous natural frequencies and mode shapes of few lower vibration modes, or
nonlinear normal modes [10-12]. It is worth noting that nonlinear dynamic response of civil
structures is usually dominated by their lower vibration modes. In addition, large-scale civil
structures rarely experience highly nonlinear vibration phenomena such as bifurcation or
chaos. This makes the characteristics of these structures as time-varying linear systems more
realistic.
Several damage identification methods are based on the changes in dynamic
characteristics of a system such as modal parameters that are considered as sensitive features
to structural damage [13, 14]. Linear system identification methods have been successfully
used by many researchers for experimental modal analysis of structures based on input-output
measurements [15-17] as well as operational modal analysis based on output-only
measurements [18-22] for the purpose of vibration-based structural health monitoring (SHM).
However, these modal analyses methods are based on the assumption that measured data
represent a linear dynamic response of the considered structure. Even though the modal
analysis theory does not hold for nonlinear systems, it can be used as a tool to characterize
specific types of nonlinear dynamic systems such as real-world civil structures with material
nonlinearity based on their instantaneous/short-time modal parameters along the nonlinear
response time history. These instantaneous modal parameters correspond to an equivalent
linear system with stiffness equal to tangent stiffness of the nonlinear system at considered
time instant. In structural and earthquake engineering communities, computation of nonlinear
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dynamic response of civil structures due to moderate to large amplitude excitations (common
in design, response prediction, and reliability of structures) is performed through linearization
of nonlinear stiffness matrix at each time instant (i.e., frozen configuration). This study
proposes to use a linear system identification method to estimate the instantaneous modal
parameters of a nonlinear structure. The identified instantaneous modal parameters can be
used to estimate the instantaneous stiffness of elements (or substructures) - through solving an
inverse problem (e.g., finite element model updating) - corresponding to the tangent stiffness
matrix of the considered structure. Among linear system identification methods, the datadriven subspace identification methods (SSI-Data) [23, 24] is the most reliable output-only
operational modal analysis methods while the deterministic-stochastic subspace identification
methods (DSI) is the most accurate input-output experimental modal analysis method [25-27].
The DSI method provides accurate results even when applied to short segments of data. This
paper investigates the performance of the DSI method for short-time (instantaneous) system
identification of nonlinear systems when subjected to non-stationary seismic base excitations.
Although DSI is one of the most common methods for experimental modal analysis, to the
knowledge of authors, there is no previous application of DSI for short-time modal
identification.
In the literature, several time-frequency identification methods such as short-time Fourier
transform (STFT), wavelet transform (WT), Hilbert-Huang transform (HHT), and proper
orthogonal decomposition (POD) have been proposed for short-time modal identification of
nonlinear structural systems. STFT is the simplest approach for tracking changes in the
instantaneous natural frequencies and mode shapes along the response time history. This
method uses the Fourier transform of short windows of data in a signal. The main
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shortcoming of this method is the low resolution of the identified natural frequencies when
the time windows become smaller (i.e., compensation between time and frequency resolutions
due to Heisenberg uncertainty principle). WT has been used in the context of structural health
monitoring to extract instantaneous natural frequencies and damping ratios of structures based
on their free vibration response [28, 29]. Methods to improve the accuracy of WT for
structural identification have been proposed by several researchers [30-34]. It should be noted
that similar to other time-frequency methods, WT also suffers from the compensation between
time and frequency resolutions. Spanos [35] has used WT for estimation of instantaneous
frequencies of time-varying systems. Hilbert transform has been applied for identification of
linear and nonlinear systems [36-39]. Since Hilbert transform can only identify one frequency
at a time, it is more suitable for single degree-of-freedom (SDOF) systems. Hilbert-Huang
method has been implemented for identification of multi degree-of-freedom (MDOF) systems
[40-43]. POD has also been used by many researchers for modal analysis as well as finite
element model updating of nonlinear systems [44-47]. The above mentioned methods provide
good estimates of instantaneous modal parameters when applied to the nonlinear response of
systems subjected to broadband and stationary inputs. However, the identification errors for
these methods increase as the input excitation signals become more narrow-band and nonstationary. It is also worth noting that several methods exist in the literature for time-varying
linear system identification such as time-varying auto-regressive with exogenous input (TVARX) [48, 49], time-varying auto-regressive moving average (TV-ARMA) [50], and some
derivatives of TV-ARMA [51, 52]. These methods are extensions of the classical prediction
error methods (PEMs). However, these methods are not suitable for identification of realworld complex civil structures.
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In this study, performance of the DSI method for short-time (instantaneous) system
identification of nonlinear systems when subjected to non-stationary seismic base excitations
is investigated. Accuracy of this method is compared to that of the wavelet transform method
when applied for identification of SDOF as well as 7-DOF systems with different material
hysteretic behavior. It is worth noting that other sources of nonlinearity such as friction or
impact are not considered in the numerical models because these types of nonlinearities
cannot be properly linearized. Therefore, this is one of the shortcomings of the proposed
nonlinear structural identification method based on instantaneous modal parameters. Effects
of several input factors on the accuracy of system identification results are studied. The
considered input factors are: (1) type of material nonlinearity (i.e., material hysteretic
behavior), (2) level of nonlinearity, (3) input excitation, and (4) length of the “short-time”
data windows used in the identification. Finally, DSI has been used for short-time system
identification of a full-scale seven-story reinforced concrete shear wall structure based on its
measured nonlinear response to different seismic base excitations on a shake table.
This paper is organized in the following order. Section 2 of the paper describes the input
factors and their considered levels. Section 3 reviews the numerical simulation of nonlinear
dynamic response for the SDOF and 7-DOF systems with different material hysteretic models
and for different input excitations. The system identification process and the obtained results
are presented in Section 4. Section 5 provides an uncertainty analysis of the system
identification results in the view of input factors variability. Section 6 reports the short-time
system identification results of the full-scale seven-story shear wall using DSI. Finally, the
concluding remarks are provided in Section 7.
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2.2 Input Factors Considered in the Numerical Study
As previously mentioned, the variability of system identification results (instantaneous
natural frequencies and damping ratios) obtained using the DSI are studied due to variability
of four input factors. Each of the input factors is considered at two levels. The input factors
and their considered ranges are selected based on the authors’ previous experience in system
identification of civil structures. Considering a full factorial design of experiment (i.e., all
combination of input factor levels are considered), 2 × 2 × 2 × 2 = 16 sets of system
identifications with varying input factors are performed for each type of system (i.e., SDOF
and 7-DOF). Each set of system identification results are obtained by the application of DSI
and WT along the response time history resulting in 1,280 (= 16 x 2 systems x 40 time
instances) identifications using DSI and 640 (= 8 x 2 systems x 40 time instances)
identifications using WT. Table 2.1 reports the input factors and their considered levels. More
details about the input factors are given in the following subsections.
2.2.1 Type of Material Nonlinearity (M)
Variability of this input factor allows studying the sensitivity of short-time system
identification results to the choice of material hysteretic model. Two types of material models
commonly used for steel are considered in this study, namely (1) bilinear, and (2) GiuffréMenegotto-Pinto hysteretic models. A strain hardening ratio of 0.1 is considered for both of
the material types while the yield strength is assigned based on the level of nonlinearity.
Figure 2.1 shows the force-displacement hysteretic behavior of these two material models
with a strength reduction factor of R = 4 when subjected to a considered Northridge
earthquake record. It should be noted that more complicated material models that include
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stiffness and/or strength degradation are not considered in this study in order to avoid extra
sources of variability/uncertainty and limit the number of input factors.
Table 2.1 Description of input factor and their considered levels
Factor

Description

Levels

M

Type of material nonlinearity

2 levels (bilinear, Giuffré-Menegotto-Pinto)

R

Level of nonlinearity

2 levels (R = 4, 6)

I

Input excitation

2 levels (Northridge, Imperial Valley)

L

Length of identification windows

2 levels (1, 2 seconds)

(a)

2

Force [N]

Force [N]

2

0

(b)

0

−2

−2
−0.06 −0.03
0
0.03
Displacement [m]

−0.06 −0.03
0
0.03
Displacement [m]

0.06

0.06

Fig. 2.1 Hysteretic response of nonlinear SDOF systems (R = 4) to the Northridge earthquake
record with (a) bilinear, and (b) Giuffré-Menegotto-Pinto material models
2.2.2 Level of Nonlinearity (R)
With increasing level of response nonlinearity, the estimation error in system
identification results using linear methods are expected to increase. Variability of this input
factor allows evaluating the accuracy of DSI results when applied to dynamic data of
increasing nonlinearity. The level of response nonlinearity is defined as the strength reduction
factor (R). For each of the material models, two different levels of nonlinearity are
considered: R = 4 and R = 6. For an input excitation, the R factor is defined as the ratio of
maximum force produced in an equivalent linear system to the yielding strength. The strength
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reduction factor is assigned to each material model by adjusting its yield strength. Figure
2.2(a) compares the response time histories of two SDOF systems with Giuffré-MenegottoPinto material models and R factors of 4 and 6 when subjected to the considered Northridge
earthquake record while Figure 2.2(b) compares the force displacement hysteretic response of
two SDOF systems with bilinear material models and R factors of 4 and 6 when subjected to a
considered Imperial Valley earthquake record. It can be observed that by increasing the
strength reduction factor, the response becomes more nonlinear.
2.2.3 Input Excitation (I)
Various characteristics of a ground motion such as its frequency content, pulsing
sequence, and duration can have significant effects on the nonlinear response of structures. In
this study, two earthquake records with different frequency contents and durations are used as
the input excitations. The first excitation is the longitudinal component of the 1994
Northridge earthquake (Mw = 6.7) recorded at the Oxnard Boulevard station in Woodland
Hills, which is a near field record with the closest distance of 16.7 km to the fault. The second
excitation is selected as the longitudinal component of the 1979 Imperial Valley earthquake
(Mw = 6.5) recorded at the Delta station, which is a far field record with closest distance to the
fault of 43.6 km. The time history and Fourier amplitude spectra (FAS) of these excitations
are shown in Figure 2.3. It should be noted that both of these records are re-sampled to have a
sampling rate of 256 Hz.
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Fig. 2.2 (a) Relative acceleration time histories of two SDOF systems with R = 4 and R = 6,
respectively, and Giuffré-Menegotto-Pinto material models subjected to the Northridge
earthquake, and (b) force-displacement hysteretic plot of two SDOF systems with R = 4 and R
= 6, respectively, and bilinear material models subjected to the Imperial Valley earthquake
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Fig. 2.3 Acceleration time history and Fourier Amplitude Spectra of (a) longitudinal
component of the 1994 Northridge earthquake recorded at the Oxnard Boulevard station in
Woodland Hills, and (b) longitudinal component of the 1979 Imperial Valley earthquake
recorded at the Delta station
2.2.4 Length of Data Time-Windows Used in Identification (L)
The accuracy of most of system identification methods depend on the amount of data used
in the identification process [25]. In this study, DSI is applied to input-output data windows of
two different lengths: 1-second and 2-second time windows corresponding to 256 and 512
data points, respectively (sampling frequency is 256 Hz). A short-time system identification is
performed every one second along the response time history when the numerical models are
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subjected to the Northridge earthquake, i.e., there is a 50% overlap between consecutive 2second windows of data. However, in order to limit the number of system identifications
during the longer Imperial Valley earthquake, short-time system identifications are performed
every two seconds along the response time histories, i.e., there is a no overlap between
consecutive data windows when this earthquake is applied.
It was observed that the accuracy of short-time system identification results is very
sensitive to length of selected sliding windows. The lengths of windows should be selected
based on different factors such as the level of nonlinearity (i.e., rate of time-variability) and
more importantly the natural frequency of the dominant mode for the underlying initial linear
model. The authors recommend to window length include at least one cycle of dominant
mode. Therefore, shorter window lengths can be used for structures with larger natural
frequencies and longer windows for more flexible structures. The identified modal
frequencies from low-amplitude data before and after the nonlinear event (earthquake) can be
used for estimating a suitable range of window length. The lengths of windows in this study
are selected to include 2-8 cycles of the dominant mode.
2.3 Numerical Simulations
Nonlinear response of SDOF and 7-DOF dynamic systems corresponding to different
combinations of input factors are simulated using the object-oriented software framework
OpenSees for advanced modeling and response simulations of structural and geotechnical
systems [53]. Simple truss elements are used to model the SDOF systems while the 7-DOF
systems are modeled with beam-column elements with lumped translational masses at FE
model nodes. In the 7-DOF systems, rotational DOFs at the nodes are restrained so the models
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can represent simplified seven-story shear buildings. The nonlinearity for each of the 7-DOF
models is applied at the first element only (bottom story) with concentrated nonlinear
behavior at the element ends. The material type of steel01 in OpenSees is used for the bilinear
material model and the material type of steel02 is used to model the Giuffré-Menegotto-Pinto
material behavior. The Newmark-Beta method is used as the time integration method for all
models. The natural frequency of the underlying linear SDOF systems (corresponding to the
initial stiffness) is 2 Hz and the damping ratio is assigned as 2%. For the 7-DOF systems,
viscous Rayleigh damping is assigned with 2% damping ratios at frequencies 2 Hz and 10 Hz.
Table 2.2 shows the natural frequencies and damping ratios of the underlying linear 7-DOF
system.
2.4 System Identification based on Numerical Data
DSI and WT methods have been applied for short-time/instantaneous modal identification
of SDOF and 7-DOF structural models with different considered input factors and along their
response time histories. In the section, these two system identification methods are briefly
reviewed and their modal identification results are presented and discussed.
2.4.1 Deterministic-Stochastic Subspace Identification (DSI)
The DSI is a parametric linear system identification method that determines the system
model in state-space based on the input-output measurements directly [23]. This method is
robust in view of the input disturbance and measurement noise as both terms are explicitly
considered in its formulation. It involves numerical techniques such as QR factorization,
singular value decomposition and least squares. In the current application of the DSI, a
Hankel matrix is formed using the input-output data with 42 block-rows (2 rows per block)
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for each SDOF system and with 14 block-rows (8 rows in each block) for each 7-DOF system
when the window length of 1 second is used. In the case of using 2-second data windows, the
corresponding Hankel matrices have 80 block-rows for the SDOF systems and 28 block-rows
for the 7-DOF systems. Stabilization diagrams have been used to select the model order and
choose the physical (as opposed to numerical/spurious) vibration modes.
2.4.2 Wavelet Transform (WT)
WT method for system identification is a non-parametric and output-only identification
method. In this study, complex Morlet wavelet is used as the basis function. The basis
function in a Morlet wavelet is a Gaussian windowed harmonic function and there is a direct
relation between the scale values and the dominant frequency of the wavelet. The selected
complex Morlet wavelet has a bandwidth parameter of 2 and a central frequency of 1 Hz
( fb = 2, fc = 1) .

These parameters are selected based on the characteristics of the nonlinear

systems considered in this study [33]. In the application of WT for modal identification, the
instantaneous natural frequency of a system is identified as the frequency that corresponds to
the peak of wavelet spectrum at that time instant. Figure 2.4 shows a sample wavelet spectrum
of the nonlinear response of a SDOF system with bilinear material nonlinearity and R = 6
when subjected to the Northridge earthquake and at the time instant t = 17 s.
Table 2.2 Natural frequencies and damping ratios of the underlying linear 7-DOF systems
Mode 1 Mode 2 Mode 3 Mode 4 Mode 5 Mode 6 Mode 7
Natural Frequency [Hz]

2.00

4.95

7.68

11.38

14.73

17.32

18.94

Damping ratio [%]

2.0

1.5

1.7

2.1

2.7

3.1

3.3

28

Wavelet Coefficient

2
1.5
1
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0

0

2
4
6
Pseudo Frequency [Hz]

8

Fig. 2.4 Wavelet spectrum of the response of a nonlinear SDOF system (bilinear and R = 6)
subjected to Northridge earthquake at t = 17 second
2.4.3 System Identification Results
The DSI and WT methods have been used for modal identification of the considered
SDOF and 7-DOF systems for 16 different combinations of input factors in the case of DSI
and 8 in the case of WT (data length is not considered as a source of variability for WT). For
each combination, short-time system identifications are performed along the time history of
nonlinear dynamic response (every one second for the Northridge earthquake and every two
second for the Imperial Valley earthquake). For the 7-DOF system, the DSI is used for
estimation of instantaneous natural frequencies and damping ratios of the first three vibration
modes while the WT is used for estimating the natural frequencies of the first vibration mode
only, as higher modes could not be identified by WT. The identified natural frequencies at
each time window are compared with their average exact counterparts that are obtained from
the nonlinear FE model. The identified frequencies using DSI correspond to an effective
linearized system that represents the nonlinear system over the considered window length and
therefore should be compared to the average of exact natural frequencies over all time instants
along the window length. The exact instantaneous natural frequencies of a nonlinear system
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can be obtained at any time instant (the time resolution in this study is ∆t = 1 256 s) by
eigenanalysis of the tangent stiffness matrix. Note that the average of instantaneous natural
frequencies is different than the natural frequency obtained from eigenanalysis of the average
tangent stiffness matrix. The identified damping ratios correspond to the total energy
dissipation mechanism including the viscous as well as hysteretic behavior. Therefore, the
identified damping values can also provide a measure of response nonlinearity. Higher
instantaneous damping ratios indicate higher levels of nonlinear hysteretic behavior.
Figure 2.5 shows the identified natural frequencies and damping ratios of a linear SDOF
system along its response time history (every 1 second) when subjected to the Northridge
earthquake using DSI and WT methods together with the exact values shown as solid lines. It
can be observed that the DSI method can accurately identify the natural frequency and
damping ratio of the SDOF system using short time windows while the estimates using WT
method have larger errors. Figure 2.6 shows the identified modal parameters of a linear 7DOF system along its response time history when subjected to the Northridge earthquake
using DSI. Modal parameters of all seven modes are accurately identified. The identified
damping ratios have larger estimation errors than the identified natural frequencies; and the
estimation errors for both the natural frequencies and damping ratios increase for the higher
modes. The WT method is only reliable for identification of the first natural frequencies,
which are also shown on Figure 2.6.
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Fig. 2.5 (a) Instantaneous natural frequencies, and (b) damping ratios of a linear SDOF
system identified using the WT and DSI based on its response to Northridge earthquake
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Fig. 2.6 (a) Instantaneous natural frequencies, and (b) damping ratios of a linear 7-DOF
system identified using the WT and DSI based on its response to Northridge earthquake
Figures 7-10 show four samples of short-time system identification results from the total
32 identification cases (16 combinations of input factors for two types of systems). Figure 2.7
shows the identified modal parameters of a SDOF system with bilinear material nonlinearity
(M = bilinear) and R factor of 6 (R = 6) along the nonlinear dynamic response time history
due to the Northridge earthquake base excitation (I = Northridge) for data windows of 2
seconds long (L = 2). Figure 2.8 plots the short-time modal identification results for a SDOF
with the following input factors: M = Pinto (short for Giuffré-Menegotto-Pinto), R = 6, I =
Imperial Valley, and L = 1. Figure 2.9 presents the identified modal parameters of a 7-DOF
system (only the first three modes) with the choice of input factors as M = bilinear, R = 4, I =
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Imperial Valley, and L = 2 while Figure 2.10 corresponds to M = Pinto, R = 4, I = Northridge,
and L = 1. In the case of the 7-DOF systems, DSI could identify the first three vibration
modes while the WT could only estimate the first vibration mode. From Figures 7-10 and the
other 28 short-time system identification plots not shown here, it is observed that:
(1) The level of response nonlinearity can be tracked through identified instantaneous natural
frequencies and damping ratio using DSI.
(2) Modal parameters obtained using DSI are consistently more accurate than those obtained
using WT.
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Fig. 2.7 (a) Instantaneous natural frequencies, and (b) damping ratios of a nonlinear SDOF
system with M = bilinear, R = 6, I = Northridge, and L = 2, identified using DSI and WT
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Fig. 2.8 (a) Instantaneous natural frequencies, and (b) damping ratios of a nonlinear SDOF
system with M = Pinto, R = 6, I = Imperial Valley, and L = 1, identified using DSI and WT
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Fig. 2.9 (a) Instantaneous natural frequencies, and (b) damping ratios of the first three
vibration modes of a nonlinear 7-DOF system with M = bilinear, R = 4, I = Imperial Valley,
and L = 2, identified using DSI and WT (for the first mode only)

(3) Estimated modal parameters of the first mode of the 7-DOF systems are more accurate
than those of the SDOF systems with similar input factors. This is most likely due to the
fact that in system identification of the 7-DOF systems, seven channels of output
measurements are used in each block row of the data Hankel matrix as compared to one
output channel for the SDOF systems.
(4) DSI results are more accurate (closer to the average exact natural frequencies) for
nonlinear systems with smooth hysteretic behavior (Pinto) than those with bilinear
hysteretic behavior.
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Fig. 2.10 (a) Instantaneous natural frequencies, and (b) damping ratios of the first three
vibration modes of a nonlinear 7-DOF system with M = Pinto, R = 4, I = Northridge, and L =
1, identified using DSI and WT (for the first mode only)
(5) Estimation errors of the identified modal parameters of the 7-DOF systems increase for
higher modes.
(6) The identified effective damping ratios appear to be more sensitive to the level of
response nonlinearity than the corresponding instantaneous natural frequencies.
2.5 Uncertainty Analysis of System Identification Results Based on Numerical Data
In this section, effects of different input factors on the short-time system identification
results are studied. In Section 5.1, two error metrics are defined and the accuracy of system
identification results is studied based on these two metrics. The influence of each input factor
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on the variability of estimation errors is quantified in Section 5.2 using an effect screening
method.
2.5.1 Mean and Maximum Estimation Errors
In this study, two error metrics are used for quantifying the accuracy of system
identification results. These metrics are defined as the mean estimation error and maximum
estimation error. Estimation error of an identified natural frequency refers to absolute value of
the difference between identified natural frequency and the corresponding exact value
(averaged over the length of time window). Figure 2.11 shows a sample of estimation error
time history for the identified natural frequencies of a SDOF system with M = Pinto, R = 6, I
= Northridge, and L = 2 using DSI and WT methods. It is observed that the estimation errors
of the DSI results are significantly smaller than those from the WT.
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Fig. 2.11 Estimation error time history of the natural frequencies identified using DSI and WT
methods for a SDOF system with M = Pinto, R = 6, I = Northridge, L = 2
The mean estimation error and maximum estimation error are defined as the mean and
maximum of the estimation error time histories, respectively, computed over the strong
motion part of the considered earthquakes. The strong motion part of the Northridge
earthquake, corresponding to higher level of response nonlinearities, is considered between 2
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and 20 s while the strong motion part of the Imperial Valley earthquake is considered between
5 and 40 s. Tables 3 and 4 report the mean and maximum estimation errors of the DSI and
WT methods for the SDOF and 7-DOF systems, respectively. From these tables, it is found
that:
Table 2.3 Mean/maximum estimation errors [Hz] of the identified natural frequencies for
SDOF systems
I = Northridge
M = bilinear
M = Pinto
R=4
R=6
R=4
R=6

I = Imperial Valley
M = bilinear
M = Pinto
R=4
R=6
R=4
R=6

DSI (L = 1) 0.08/0.49 0.15/0.76 0.09/0.31 0.10/0.36 0.05/0.19 0.10/0.40 0.05/0.15 0.07/0.19
DSI (L = 2) 0.09/0.30 0.09/0.38 0.05/0.20 0.11/0.21 0.08/0.38 0.16/0.55 0.05/0.15 0.07/0.16
WT

0.12/0.28 0.17/0.37 0.13/0.35 0.29/1.18 0.26/0.64 0.28/0.66 0.22/0.64 0.23/0.64

Table 2.4 Mean/maximum estimation errors [Hz] of the identified natural frequencies for 7DOF systems
I = Northridge
M = bilinear
M = Pinto
R=4
R=6
R=4
R=6
Mode 1

I = Imperial Valley
M = bilinear
M = Pinto
R=4
R=6
R=4
R=6

DSI (L = 1)

0.08/0.27

0.08/0.25

0.09/0.24

0.07/0.22

0.07/0.30

0.07/0.22

0.03/0.13

0.04/0.13

DSI (L = 2)

0.05/0.15

0.06/0.14

0.03/0.11

0.04/0.14

0.05/0.15

0.08/0.17

0.02/0.05

0.03/0.07

WT

0.15/0.28

0.15/0.32

0.14/0.28

0.13/0.29

0.21/0.75

0.21/0.75

0.20/0.75

0.20/0.75

DSI (L = 1)

0.07/0.15

0.08/0.33

0.06/0.17

0.08/0.25

0.07/0.45

0.09/0.33

0.09/0.35

0.11/0.28

DSI (L = 2)

0.05/0.16

0.08/0.19

0.03/0.11

0.08/0.15

0.09/0.28

0.11/0.37

0.08/0.22

0.08/0.20

DSI (L = 1)

0.09/0.41

0.16/0.64

0.12/0.46

0.20/0.60

0.08/0.47

0.13/0.40

0.06/0.29

0.04/0.44

DSI (L = 2)

0.09/0.54

0.17/0.60

0.10/0.55

0.15/0.36

0.09/0.57

0.08/0.27

0.04/0.21

0.04/0.35

Mode 2

Mode 3

(1) The estimation errors of DSI results are systematically smaller than those of WT results.
This is consistent with observations from Figures 7-11.
(2) The system identification results using WT are very sensitive to the input excitation. This
is due to the fact that WT is an output-only method and does not use any information
about the input excitation in the identification process.
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(3) In general, the DSI estimation errors for models with bilinear material behavior are larger
than those for the model with Pinto material behavior.
(4) Use of larger data windows improves the DSI results for the 7-DOF systems, especially
the first vibration mode, while this input factor does not show a clear effect on the
identified modal frequencies of the SDOF systems.
Table 2.5 Standard deviation of the mean and maximum estimation errors [Hz] for SDOF and
7-DOF systems
SDOF

7-DOF 7-DOF 7-DOF
Mode 1 Mode 2 Mode 3

Mean estimation error

0.03

0.02

0.02

0.05

Maximum estimation error

0.17

0.07

0.10

0.13

The standard deviation of the mean and maximum estimation errors of DSI results for the
SDOF and 7-DOF systems over the 16 combinations of input factors are reported in Table
2.5. From this table, it is seen that the maximum estimation errors exhibit much larger
variability than the mean estimation errors.
2.5.2 Effect Screening
To quantify the influence of each input factors to the total variability of the mean and
maximum estimation errors (Table 5), an analysis-of-variance (ANOVA) [54] is performed.
The theoretical foundation of ANOVA is that the total variance of the output features
(estimation errors) can be decomposed into a sum of partial variances, each representing the
effect of varying an individual factor independently from the others. Contribution of each
partial variance to the total variance is estimated by the coefficient-of-determination R2 value.
The input factor with the largest R2 value for an output feature has the most contribution to
the variability of that output feature. In this study, ANOVA is applied to 16 sets of output
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features (i.e., mean and maximum estimation errors for natural frequencies of modes 1-3).
Figure 2.12 shows the R2 values of the mean and maximum estimation errors of the identified
natural frequencies for SDOF and 7-DOF systems. These R2 values are scaled such that their
sum over all factors equates 100%. From Figure 2.12, the following observations can be made
based on the considered input factors and their variation levels.
(1) In modal identification of SDOF systems, the level of nonlinearity has the most influence
on mean estimation error while the type of nonlinearity is the most important factor for
maximum estimation error.
(2) In modal identification of 7-DOF systems, the type of material nonlinearity and the length
of data windows have the most contributions to the total variability of both mean and
maximum estimation errors of the first mode natural frequency.
(3) The type of input excitation has larger effects on the variability of estimation errors for the
higher vibration modes (modes 2 and 3).
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Fig. 2.12 Coefficient-of-determination (R2) of the mean and maximum estimation errors for
the four input factors and the SDOF and 7-DOF systems

38

2.6 System Identification Based on Experimental Data
This section is focused on the application of DSI for short-time system identification of a
full-scale seven-story shear wall structure, which was tested on a shake table. Section 6.1
briefly describes the test structure and the dynamic tests performed. The short-time system
identification results of this specimen when subjected to three historical earthquake base
excitations are presented in Section 6.2.

Fig. 2.13 Full-scale shear wall test structure
2.6.1 Test Structure and Dynamic Tests Performed
The test structure is a full-scale seven-story reinforced concrete shear wall, consisting of a
main wall (web wall), a back wall (flange wall) perpendicular to the main wall for transversal
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stability, a concrete slab at each floor level, an auxiliary post-tensioned column to provide
torsional stability, and four gravity columns to transfer the weight of the slabs to the shake
table. Figure 2.13 shows the test structure mounted on the University of California San Diego
(UCSD)-NEES shake table. More details about the test structure can be found in [55]. The test
structure was instrumented with a dense array of accelerometers, strain gages, potentiometers,
and linear variable displacement transducers, all sampling data simultaneously using a ninenode distributed data acquisition system. The structure has been excited by four historical
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Fig. 2.14 (a) Acceleration time histories of the three considered earthquakes measured on
shake table, and (b) base moment versus roof displacement of the structure during
the three seismic base excitations
earthquakes with increasing intensity. In this study, measured response data from seven
longitudinal acceleration channels at the floor levels and the input acceleration measured on
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top of the shake table are used for short-time system identification of the test structure during
the seismic base excitations.
The structure was damaged progressively through four earthquake ground motions. The
four earthquake records applied to the test structure were: (1) longitudinal component of the
1971 San Fernando earthquake (Mw = 6.6) recorded at the Van Nuys station (EQ1), (2)
transversal component of the 1971 San Fernando earthquake recorded at the Van Nuys station
(EQ2), (3) longitudinal component of the 1994 Northridge earthquake (Mw = 6.7) recorded at
the Oxnard Boulevard station in Woodland Hill (EQ3), and (4) 360 degree component of the
1994 Northridge earthquake recorded at the Sylmar station (EQ4). DSI has been applied to the
measured input-output data from the last three earthquakes for short-time system
identification. Figure 2.14 shows the acceleration time history of input base excitations
measured on the shake table for EQ2, EQ3, and EQ4, together with the hysteretic curve of
base moment versus roof displacement (computed from numerical integration of measured
roof acceleration) for each earthquake. The base moment was estimated using the floor
accelerations and their contributory masses. It is worth noting that for the considered dynamic
tests, base moment versus roof displacement curves provide more clear hysteretic behavior of
the structure than other types of hysteretic curves such as base shear versus roof displacement
[55]. From Figure 2.14, it can be seen that EQ2 and EQ3 result in similar levels of response
nonlinearity in the shear wall while the nonlinearity in the response due to EQ4 is
significantly larger. More details about the instrumentation and dynamic testing of the test
structure can be found in [26]. It is worth noting that the during the shake-table experiment of
the 7-story reinforced concrete wall, significant stiffness degradation was observed while the
strength reduction was negligible. However, in the numerical examples, the considered
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nonlinear material models (bilinear and Pinto) do not include any stiffness and strength
degradations (progressive damage) for simplicity. Stiffness and strength degradation can be
considered in more complex material models such as Bouc-Wen models, which can take from
5 up to 13 parameters depending on whether stiffness degradation, strength degradation and
pinching behavior are considered in the model or not [56].
2.6.2 System Identification Results
DSI is applied for short-time system identification of the test structure based on its
measured test data during the three considered earthquake base excitations. The input
excitation and the response acceleration of the shear wall were sampled at 240 Hz. Similar to
the numerical examples, two different lengths of data windows (1 and 2 seconds) are
considered for estimation of instantaneous modal parameters at every one second along the
response time history (i.e., 50% overlap between consecutive 2-second windows). In the
application of DSI, Hankel matrices of size (26 x 8) x 215 and (52 x 8) x 422 are formed
based on 1 or 2 seconds of data, respectively. For each short-time system identification the
model order is selected using a stabilization diagram.
Figure 2.15(a) shows the time histories of the first mode instantaneous natural frequency
of the test structure identified using 1- and 2-second windows during the three considered
earthquake base excitation tests. Figure 2.15(b) plots the square root of an effective global
stiffness estimate of the structure during the base excitation time histories. The effective
global stiffness of the test structure at each time window is estimated as the secant stiffness of
base moment versus roof displacement hysteretic curve during that time window (1- and 2-
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second). The secant stiffness is computed as the slope of straight line connecting the extreme
displacement points on the hysteretic curves. From this figure, it is observed that:
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Fig. 2.15 Time histories of (a) instantaneous fundamental natural frequency, and (b) square
root of an effective global stiffness measure of the test structure, estimated using 1- or 2second data windows during the three considered earthquakes
(1) The identified instantaneous natural frequencies during all three earthquakes decrease
drastically during the first part (highest energy part) of the strong motion and then will
increase slightly as the response amplitude (i.e., level of nonlinearity) becomes smaller
toward the end of earthquake. Note that the instantaneous natural frequency at the end of
each earthquake is significantly smaller than that at the beginning of earthquake. This
corresponds to the stiffness degradation in the test structure during each seismic event.

43

However, the authors would like to emphasize that the stiffness degradation is usually not
correlated with the strength degradation in the structure [57].
(2) Use of 2-second time windows for instantaneous modal identification provides a smaller
number of missed identifications and outliers.
(3) The identified instantaneous natural frequencies match well the trend of the square root of
effective global stiffness estimates. It is expected that accurate estimates of instantaneous
modal parameters can be used for characterizing the hysteretic behavior of the structure at
element/substructure levels. This is the topic of ongoing research by the authors.
Table 2.6 Natural frequency [Hz] of the first mode identified based on low-amplitude
ambient vibration and 0.03 g RMS white noise base excitation test data before and after each
earthquake
After EQ1 After EQ2 After EQ3 Before EQ4* After EQ4
Ambient vibration

1.86

1.67

1.46

1.58

1.02

0.03 g RMS white noise

1.51

1.25

1.13

1.20

0.85

*

Between EQ3 and EQ4, the test structure was slightly reinforced

Table 6 reports the first mode natural frequencies identified based on low-amplitude
ambient vibration and 0.03 g root mean square (RMS) white noise base excitation tests
performed before and after each earthquake test [26]. It should be noted that during the period
between EQ3 and EQ4, the test structure was slightly reinforced and therefore the lowamplitude modal identification results from after EQ3 and before EQ4 are not the same. The
natural frequencies identified from these low-amplitude dynamic tests are also shown in
Figure 2.15(a). The instantaneous natural frequencies at the beginning and end of each
earthquake are between the corresponding natural frequencies from ambient vibration and
white noise tests, respectively. This is due to the fact that the response amplitude of the test
structure at the beginning and end of considered earthquakes are bounded between the
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response due to ambient vibration and white noise base excitation tests. It can also be seen
that in general, the instantaneous natural frequencies at the beginning of each earthquake are
closer to the corresponding natural frequencies identified based on the ambient vibration test
data performed before the earthquake (except for EQ4) while the instantaneous natural
frequencies at the end of each earthquake are closer to those identified based on white noise
test data performed after the earthquake. This may be explained by the fact that the first few
low-amplitude cycles of the ground motion cannot open the existing cracks in the test
structure (due to friction) while these cracks will open due to the same level of input
excitations at the end of the earthquake (after the structure is subjected to the strong motion
part).
2.7 Conclusions
In this study, performance of the deterministic-stochastic subspace identification (DSI)
method for instantaneous modal analysis of nonlinear dynamic systems is evaluated based on
numerical as well as experimental data. In the numerical study, system identification results of
nonlinear SDOF and 7-DOF systems obtained from DSI are compared to those from wavelet
transform (WT) method and the exact values from finite element analysis. Accuracy of
system identification results is investigated due to variability of four input factors: type of
material nonlinearity, level of nonlinearity, input excitation, and length of data windows used
in the identification. The contribution of each input factor to the total variability of two
estimation error metrics is quantified through analysis-of-variance, an effect screening
method. Based on this numerical uncertainty analysis study, the following observations are
made.

45

(1) The response nonlinearity and its intensity can be tracked through identified instantaneous
natural frequencies and damping ratio using DSI.
(2) The identified effective damping ratios appear to be more sensitive to structural response
nonlinearity than the instantaneous natural frequencies. However, the damping ratios in
general have a larger estimation uncertainty than the natural frequencies.
(3) Modal parameters obtained using DSI are consistently more accurate than those obtained
using WT.
(4) The system identification results using WT are very sensitive to the input excitation. This
is due to the fact that WT does not use any information about the input excitation in the
identification process and therefore, its estimation error increases as the input excitation
becomes more nonstationary. It should be noted that in applications when the input
excitation is not measured, operational methods such as WT are the only ones capable of
estimating the time-frequency analysis of systems.
(5) Estimation errors of the identified modal parameters increase for the higher modes.
(6) The type of material nonlinearity has a significant effect on the accuracy of system
identification results. The identification results for nonlinear system with GiuffréMenegotto-Pinto hysteretic models are closer to the exact values than those with bilinear
hysteretic models.
(7) Use of larger data windows improves the DSI identification results of the 7-DOF systems,
especially for the first vibration mode, while this input factor does not show a clear effect
on identified natural frequency of the SDOF systems.
DSI is also used for short-time system identification of a full-scale seven-story shear wall
structure when subjected to seismic base excitation through a shake table. The structure was
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damaged progressively through four historical earthquake ground motions. Measured
response data from seven longitudinal acceleration channels at the floor levels and the input
acceleration measured on top of the shake table were used for short-time system identification
of the test structure during three seismic tests. The following observations are made from the
system identification results of this test structure.
(1) The identified instantaneous natural frequencies during the considered three earthquakes
decrease drastically during the first part (with highest energy) of the strong motion and
then will increase slightly as the response amplitude (i.e., level of nonlinearity) becomes
smaller at the end of earthquake.
(2) The instantaneous natural frequency at the end of each earthquake is significantly smaller
than that at the beginning of the earthquake. This corresponds to the stiffness degradation
in the test structure during each seismic event. However, the authors would like to
emphasize that the stiffness degradation is usually not correlated with the strength
degradation in the structure.
(3) The identified instantaneous natural frequencies match the trend of square root effective
global stiffness estimate of the structure obtained from base moment versus roof
displacement hysteretic curves.
(4) The instantaneous natural frequencies at the beginning and end of each earthquake are
bounded between the corresponding natural frequencies from ambient vibration and white
noise tests.
(5) In general, the instantaneous natural frequencies at the beginning of each earthquake are
closer to the corresponding natural frequencies identified based on the ambient vibration
test data performed before the earthquake while the instantaneous natural frequencies at
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the end of each earthquake are closer to those identified based on white noise test data
performed after the earthquake.
This study highlights the effectiveness of the DSI method for short-time (instantaneous)
modal identification of nonlinear structural systems. It is expected that accurate estimates of
instantaneous modal parameters to be used for characterizing the hysteretic behavior of
structural components (e.g., substructures), which is the topic of an ongoing research by the
authors. This can be done through computing the tangent stiffness (corresponding to stiffness
of the linearized system at considered time instant) of different structural components based
on the identified instantaneous modal parameters. The predicted hysteretic material behavior
provides information for realistic and comprehensive damage measures accounting for
nonlinear behavior such as material yielding, loss of stiffness, and strength degradation which
are common sources of “structural damage”. In addition, the instantaneous mode shapes
identified using DSI for nonlinear structural systems at different levels of input energy can
provide an estimate for the nonlinear normal modes of the structural system.
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Chapter 3
Nonlinear Finite Element Model Updating of an Infilled Frame Based on
Identified Time-varying Modal Parameters during an Earthquake

Chapter 3 is a slightly modified reprint of the material published in Journal of Sound and
Vibration (2014), Asgarieh, E., Moaveni, B., Stavridis, A., 333(23): 6057-6073. The
dissertation author was the first author and the leading graduate student researcher of this
paper.
3.1 Introduction
In recent years, vibration-based structural identification methods have received increased
attention in the civil, mechanical, and aerospace engineering research communities with the
objective of developing methods that can identify structural damage at the earliest possible
stage, evaluate the performance of structures under future loading conditions, and estimate
their remaining useful life [1-3]. A common class of methods consists of finite element (FE)
model updating [4]. These methods update the parameters of a FE model of the structure by
minimizing an objective function that expresses the offset between FE-predicted and
experimentally measured response or features extracted from the response. Optimum
solutions of the problem are reached through sensitivity-based constrained optimization
algorithms (local methods) or methods capable of reaching the global minimum for the
objective function. Linear FE model updating methods have been used for damage
identification of real-world, large-scale structures with reasonable success [5-7]. In a previous
study by the authors [8], progressive damage in a three-story infilled frame structure - same
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test structure considered in this paper - was identified through a sensitivity-based linear FE
model updating method. The damage identification was performed based on the data from
low-amplitude white-noise base excitation test between the earthquake tests. It was assumed
that the specimen remained quasi-linear during these low-amplitude white-noise base
excitations with its modal parameters changing as a result of damage. Note that in linear FE
model updating methods, structural damage is usually defined as reduction of “effective”
stiffness based on the linear response of structure before and after a damaging event. In
addition, the calibrated FE models are linear and therefore can only predict the behavior of
structures in their linear range of response.
While linear FE model updating has been successfully applied for predicting damage
indicated by loss of effective stiffness, nonlinear FE model updating can provide improved
and more accurate damage identification results (i.e., a more comprehensive measure of
damage) and can be additionally used as a tool for damage prognosis (to predict the remaining
useful life of structures). The need for implementing nonlinear FE model updating in
preference to linear FE model updating can be justified by the facts that: (1) all real-world
structures are inherently nonlinear, with high uncertainties in their nonlinear behavior, (2) the
nonlinear response of a structure to moderate-to-large amplitude excitations reveals more
information about damage than does the linear response to low amplitude excitations before
and after damage, and (3) a well-calibrated nonlinear FE model can be used for damage
prognosis.
Kerschen et al. [9] provided a comprehensive literature review of nonlinear system
identification methods. The authors classified the nonlinear identification methods into the
following seven categories: time-domain methods, frequency-domain methods, time55

frequency methods, methods that by-pass nonlinearity using linearization, modal methods,
black-box methods, and structural model updating methods. Little work is available in the
literature on nonlinear FE model updating. Hemez and Doebling [10] discussed the need to
validate numerical models for nonlinear structural dynamics and some of the challenges
involved in nonlinear model updating. They introduced time-domain metrics for nonlinear
model updating [11]. Song et al. [12] proposed a method for updating the nonlinear FE model
of a structural system based on low amplitude ambient vibration data. Schmidt [13] performed
nonlinear FE model updating of systems with local nonlinearities, such as Coulomb friction,
gaps, and local plasticity, by matching simulated and measured response time histories using
modal state observers. Kapania and Park [14] proposed the “time finite element method” for
parametric identification of nonlinear structural dynamic systems. Meyer et al. [15] performed
identification of local nonlinear stiffness and damping parameters based on linearized
equations of motion using the harmonic balance method to achieve a suitable model
description in the frequency domain.
In application of nonlinear model updating for civil structures, nonlinearity can be defined
by the hysteretic material behavior at the element level. Therefore, the problem of identifying
a time-variant system is transformed to the problem of identifying time-invariant parameters
of hysteretic material models, which has been shown to be appropriate for representing realworld civil structures. Kunnath et al. [16] have used time-domain methods to identify
hysteretic material behavior of civil structures as parameters of hysteretic models. In [17-24],
parameters of nonlinear material behavior have been identified in non-physics based models
such as state-space representation of structures by means of different adaptive time-domain
methods such as adaptive least squares and Kalman filter (KF). Since response data usually
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includes a considerable amount of nonlinearity in these applications, revised versions of
Kalman filters such as the extended Kalman filter [19, 20] and the unscented Kalman filter
[21-24] are applied. The extended Kalman filter is based on linearizing the model to the first
order of accuracy, while the unscented Kalman filter and particle filters [23] contain higher
orders of accuracy for nonlinear problems. However, most of these applications have been on
single-degree-of-freedom or simple multi-degree-of-freedom numerical examples. Therefore,
there is a need for applying nonlinear model updating methods to complex systems such as
large-scale real-world civil structures.
This paper proposes a practical method for nonlinear FE model updating of complex realworld structures based on low dimensional features extracted from nonlinear response, i.e.,
time-varying modal parameters at a number of points along the response time history. Timevarying modal parameters are estimated using the deterministic stochastic subspace
identification (DSI) method [25] over short windows (0.5 second) of data around the
considered time instants. The nonlinearity is defined in the model by assigning Bouc-Wen
hysteretic material behavior to certain elements or groups of elements. Elements of similar
material and cross-sections are considered to have similar nonlinear behavior and are grouped
together to reduce the number of updating parameters. Selected parameters of Bouc-Wen
models for each group of elements are updated to minimize an objective function based on the
difference between the time-varying modal parameters of the FE model and the identified
values at selected points along the response time history. Finally, the performance of the
proposed method is evaluated when applied to numerical as well as experimental case studies.
The considered case study is a 2/3-scale, 3-story reinforced concrete frame with masonry
infills which was subjected to several scaled ground motions on a shake table. The accuracy
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of the proposed method in predicting the response and the instantaneous modal parameters is
quantified in the numerical application and the challenges for applying this method to a largescale complex structure are discussed when it is applied to the experimental data.
3.2 Test Structure Specimen and Numerical Model
3.2.1 Test structure and Dynamic Tests
The structure considered here is a 2/3-scale, 2-bay, 3-story reinforced concrete momentframe with unreinforced masonry infill walls. The specimen, shown in Figure 3.1, was tested
on the large outdoor shake table at the University of California San Diego (UCSD). The
structure included slabs that simulated the scaled gravity mass of the external frame of the
prototype while accounting for the 2/3 length scale factor. To account for the effect of the
seismic mass not included in the specimen, the input ground acceleration time histories had to
be scaled in time and amplitude to satisfy the similitude requirement for the seismic forces.
The design details and resulting scale factors for the basic quantities are summarized in [26].
It should be noted that the ground motion levels referred to in this paper correspond to the
full-scale prototype structure. The structure was damaged progressively by scaled records of
the 1989 Loma Prieta earthquake, measured at Gilroy 3 station (referred to Gilroy record in
this paper). For the current study, the structure’s response to seismic base excitation tests with
67% and 83% of Gilroy earthquake are considered. The structure was densely instrumented
with a large array of sensors, including strain gages, string potentiometers, linear variable
differential transformers (LVDTs), and uniaxial accelerometers. However, only three
acceleration measurements at each floor level (two vertical and one longitudinal) are used in
this study. More details about the structure, its instrumentation and the shake table tests are
available at [26, 27]. Figure 3.2 shows the horizontal roof acceleration response history of the
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specimen during the considered earthquakes while the corresponding first floor displacement
versus base shear hysteresis curves are plotted in Figure 3.3.

Fig. 3.1 Test structure on the UCSD shake table
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Fig. 3.2 Measured roof acceleration time histories during 67% and 83% Gilroy tests
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Fig. 3.3 First floor displacement vs. base shear hysteretic curves during 67% and 83% Gilroy
tests
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Fig. 3.4 Nonlinear FE model of the test structure in OpenSees
3.2.2 Numerical FE Model
A two-dimensional nonlinear FE model of the test structure, as shown in Figure 3.4, is
created in the structural analysis software OpenSees [28]. In this model, the beams are
assumed as linear-elastic Euler-Bernoulli frame elements, with their stiffnesses increased to
act as rigid elements. The increased stiffness accounts for the in-plane rigidity of the infills
that do not allow deformation of the beams. The infilled walls are modeled as struts using
truss elements with nonlinear material behavior. The columns of the first story are assumed to
have nonlinear material behavior, while the columns of the second and third stories are
modeled as linear-elastic frame elements since their deformations were found to be small even
during large amplitude seismic base excitations. Fiber elements with distributed plasticity are
used for all nonlinear elements with Bouc-Wen (-Baber-Noori) [29-32] hysteretic behavior
assigned at the fiber sections. For the purpose of nonlinear model updating, the elements are
divided into two groups based on their materials, namely the masonry infill walls and the
reinforced concrete (RC) columns of the first story. However, for calibration of the initial
stiffness through a linear model updating, the linear-elastic columns of the second and third
stories are considered as the third group of elements in the updating process.
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The Bouc-Wen model is a class of phenomenological models that are widely used to
represent the hysteretic behavior (as lumped or distributed plasticity) of structural components
made of different materials. Several extensions of the Bouc-Wen models have been proposed
in the literature [30-34]. Their calibration typically requires from 5 up to 13 parameters
depending on whether stiffness degradation, strength degradation or pinching behavior are
considered in the model. The shapes and characteristics of the Bouc-Wen hysteresis curves
are defined by these time-invariant parameters in its formulation. To briefly review the
applied Bouc-Wen model, consider the second order differential equation of motion of a
nonlinear dynamic system with hysteretic material nonlinearity:

&&(t ) + Cx& (t ) + R(x, t ) = u(t )
Mx

(1)

where u(t) is the vector of forcing functions, x(t) is the displacement response, M and C are
the mass and the viscous damping matrices, and R(x, t) corresponds to the nonlinear restoring
force vector at time t. The nonlinear restoring force at each single-degree-of-freedom (axial)
fiber using Bouc-Wen (-Baber-Noori) model is represented as:
R ( x, t ) = α K 0 x + (1 − α ) K 0 z

(2)

where K0 is the initial tangent stiffness, α is the post yield to initial stiffness ratio, and z is the
virtual hysteretic displacement which can be obtained from the following first order
differential equation:

z& =

x& z
h
n
x&[1 −ν (t )(β
+γ) z ]
&
xz
η (t )

(3)
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In Equation (3), β and γ affect the level of nonlinearity and shape of the hysteretic model; h
defines the pinching effect; η and ν control the stiffness and strength degradations,
respectively, and are defined based on the hysteretic energy ε.

ν (t ) = 1.0 + δν ε (t )
η (t ) = 1.0 + δη ε (t )

t

with

&
ε (t ) = ∫ zxdt

(4)

0

One of the main shortcomings of the Bouc-Wen models is the fact that the model
parameters are not independent. Due to the redundancy of parameters in this model, similar
model responses can be generated by different combinations of the model parameters. This
dependency causes difficulties in solving the inverse problem [33]. The sensitivities of output
responses to different Bouc-Wen model parameters have been investigated by several
researchers [34, 35]. Based on these studies and according to the authors’ past experience,
only α, β, γ, and δ η parameters are chosen for updating in each group of nonlinear elements
(wall and columns). No pinching effect and strength degradation is considered in this study,
i.e., h = 1 and δv = 0 . This assumption is consistent with the experimentally observed behavior
of the test structure for the tests considered in this study [26]. In the structural systems with
pinching and strength degradation behavior, h and δη parameters can also be considered as
updating parameters. However, a sensitivity analysis should be performed to verify the
identifiability of the updating parameters based on available measured data, i.e., the updating
parameters should be observable from the data.

3.3 System identification
The time-varying modal parameters of the test structure are identified at selected time
instances of the response time history. The system identification is performed using the
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windowed DSI method based on 0.5-second long windows of the measured data around the
considered time instances. The DSI method is a parametric system identification method that
“realizes” a stochastic state-space representation of a linear dynamic system using the inputoutput data. If the process noise and the measurement noise are considered in the discretetime deterministic state-space model, the deterministic-stochastic state-space model for linear
time-invariant systems can be written as the following.

x(k + 1) = Ax(k ) + Bu(k ) + w(k )

 y (k ) = Cx(k ) + Du(k ) + v(k )

(5)

In this equation, A, B, C and D are the discrete-time state-space matrices, while u(k), y(k),
and x(k) are the input, output and state vectors, respectively. In this representation, the process
noise w(k), corresponds to unmeasured disturbances and modeling inaccuracies while the
measurement noise v(k), model the sensor inaccuracies. However, in the stochastic system,
both noise terms also implicitly include the input information since it is impossible to
distinguish the input information from the noise terms. The deterministic-stochastic system
can be split into deterministic and stochastic subsystems, by subdividing the state and output
vectors into deterministic and stochastic components.
Considering the assumptions that the deterministic input is uncorrelated with the process
and measurement noise terms, and that both noise terms are not identically zero, the DSI
method was developed [25] to estimate the state spaces matrices in the combined deterministic-stochastic system. Numerical techniques such as QR factorization, singular value
decomposition and least squares are involved in this method. The method is robust against the
input disturbance and measurement noise since both terms are explicitly included in its
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formulation. The identified modal parameters at each time instance correspond to those of an
equivalent linear system that represent the nonlinear structure linearized at that time window,
i.e., the identified system corresponds to a linear system with effective stiffness of the
structure over the considered 0.5 second time interval. The 0.5-second window length of data
was selected as one of the smallest possible window of the data that provides reasonably
accurate instantaneous/windowed modal parameters. The choice of smallest window length
depends on the (range of) time-varying fundamental natural frequency of the system. It should
be noted that by increasing the window length of data, the accuracy of identified windowed
modal parameters increase while the accuracy of FE model updating results decrease. The
performance and accuracy of the windowed DSI for instantaneous/short-time modal
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identification was studied in a previous work by the authors [36].
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Fig. 3.5 Time history of the 83% Gilroy earthquake and the identified first two natural
frequencies of the test structure at 17 points along this record
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Mode 1

Mode 2

Fig. 3.6 Mode shapes of the first two longitudinal modes identified at t = 13.25 second of
the 83% Gilroy test
Figure 3.5 shows the identified time-varying natural frequencies of the considered test
structure for the first two longitudinal modes at 17 points along the 83% Gilroy earthquake
base excitation. These 17 time instants are selected subjectively with emphasis on the larger
amplitude part of the response with moderate to high nonlinearity. From Figure 3.5, it can be
observed that the identified natural frequencies of the specimen drop significantly during the
strong motion part of the base excitation (12-15 seconds), but slowly increase as the vibration
weakens. This increase in the natural frequencies corresponds to an increase in the effective
stiffness of the structure at lower response amplitudes. However, there is a small reduction in
the natural frequency of the structure from before to after the earthquake due to permanent
damage. Figure 3.6 shows the mode shapes of the first two longitudinal modes identified at t
= 13.25 second of the 83% Gilroy earthquake, which is one of the selected points at the strong
motion part of the excitation. The identified natural frequencies and mode shapes of the two
longitudinal modes at these 17 instances are used for the nonlinear FE model updating of this
test structure. It should be noted that the identified windowed natural frequencies depend on
the considered window length and selected time instances. However, the corresponding
natural frequencies of the FE models are also computed using the same window length and at
the same times.
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3.4 Nonlinear FE Model Updating
Parameters of the nonlinear FE model are updated in order to minimize the difference
between the time-varying modal parameters from the model and those identified from the
data. An objective function G(θ) is defined as a weighted sum of the modal parameter
residuals at the selected time instances along the nonlinear response.
Nt

Nt

t =1

t =1

Nt

Nr

G (θ) = ∑ g t (θ) = ∑ rt (θ) Wt rt (θ) = ∑∑ wtj rtj 2 (θ)
T

(6)

t =1 j =1

In Equation (6), θ represents the vector of updating parameters (Bouc-Wen model parameters
for different groups of elements), rt ( θ ) denotes the modal residual vector at time t, Wt is a
diagonal weighting matrix, Nt corresponds to the number of time instances, and Nr is the
number of considered residuals at each time instance and depends on the number of vibration
modes and sensor measurements. The residual vector rt (θ) in the objective function contains
the eigenfrequency residual rt f (θ) , and mode shape residual rts ( θ ) , which are defined as

% l (t ) 
 λ j (θ, t ) − λ% j (t )  s
 Φ lj (θ, t ) Φ
rt f (θ)  f
rt (θ) =  s  , rt (θ) = 
− rj  (l ≠ r ), j ∈ {1 2 L N m }
 , rt (θ) =  r
%
%
λ j (t )
 rt (θ) 
 Φ j (θ, t ) Φ j (t ) 


(7)
where

λ j (θ , t )

and

λ% j (t )

denote the FE-predicted and experimentally identified

eigenfrequencies for the jth vibration mode and at time t. Eigenfrequencies are defined as
2

λ j (t ) = (2π f j (t )) , in which f j (t ) is the corresponding natural frequency at time t, Φ j (θ, t )

and Φ% j ( t ) denote the FE predicted and experimentally identified mode shape vectors at time
t. For each vibration mode, the mode shapes Φ j (θ, t ) and Φ% j ( t ) are normalized with respect
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to the same reference component. The superscript r indicates the reference component of a
mode shape vector and the superscript l refers to the mode shape components that are used in
the FE model updating process, which in this case correspond to the degrees of freedom with
sensor measurements. Nm is the number of vibration modes considered in the updating
process. In this study, the first two longitudinal modes are used in the objective function (i.e.,
Nm = 2). In this study, wtj = 1 for modal residuals of the first vibration mode and wtj =0.6 for
the second modal residuals. The weights are assigned based on the fact that the dynamic
responses of these types of structures are usually dominated by the first mode and therefore
this mode is identified with higher accuracy than the higher vibration modes.
The FE model updating is performed in two steps:
(1) In the first step, the initial tangent stiffnesses of elements (K0 in Equation 2) in three
substructures/groups of elements (walls, columns of the first story, and columns of the second
and third stories), i.e., a total of three parameters, are updated using the modal parameters
identified from a low-amplitude window of response at the beginning of the excitation. Due to
small amplitude of the response during this time window, the structure is assumed to behave
linearly and therefore the identified modal parameters correspond to the initial tangent
stiffness. This first step is a linear FE model updating and the optimal values of updating
parameters are achieved by using the simulated annealing global optimization method, which
is a probabilistic method based on Monte Carlo simulations [37].
(2) In the second step, either three or four parameters of the nonlinear material model for each
of the two considered substructures (walls, columns of the first story), resulting in a total of
six or eight parameters, are updated using the modal parameters identified at the 17 selected
points along the response time history. In the experimental application, the first two of these
67

17 points are selected at the beginning of the record with low level of response nonlinearity,
the next four points (3-6) are during the strongest part of excitation with the highest level of
nonlinearity, points 7-11 are during the moderate amplitude excitation with low to moderate
levels of nonlinearity in response, and the last six points (12-17) are at the end of excitation
with low level of nonlinearity (see Figure 3.5). The simulated annealing global optimization
algorithm is used to find the model parameters that minimize the objective function.

3.5 Model Updating Results
3.5.1 Application to Numerically Simulated Data
In this section, performance of the proposed nonlinear FE model updating is evaluated
when applied to numerically simulated data assuming no measurement noise and modal
identification errors. The data used in this section is generated using a nonlinear FE model of
the structure described in Section 2.2. The FE model, from this point on referred to as the
baseline model, has been created in OpenSees and its role is to provide data for the evaluation
of the model updating algorithm. Note that this is not an accurate model of the specimen, but
rather a sufficiently good model that is used as an intermediate step prior to applying the
proposed algorithm to the data from the physical specimen which is discussed in the
following section. The numerical model of the structure is subjected to the 100% Gilroy
earthquake record measured on the shake table which has been scaled in time and amplitude
according the scaling factors discussed earlier [26].
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Fig. 3.7 (a) Simulated roof acceleration response of the structure due to Gilroy base
excitation, (b) instantaneous first mode natural frequency, and (c) instantaneous second mode
natural frequency during the base excitation record
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Fig. 3.8 Identified (average over 0.5-second time window) natural frequencies of the first two
modes at 17 points along the response time history
Figure 3.7 shows the roof acceleration and the time history of instantaneous natural
frequencies for the first two modes obtained when the model is subjected to this record. The
numerical data is recorded at the same locations that the corresponding sensors were installed
in the physical specimen for consistency. Time-varying modal parameters of the structure are
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estimated at 17 points selected at local peaks of the displacement response time history. These
points are different from the 17 points used in the experimental application that is based on
the 83% Gilroy record shown in Figure 3.5. For the case of the experimentally measured data,
the points fall within a shorter length of measured signals in comparison to the numerically
generated data because of the smaller signal-to-noise ratio of measurements at the beginning
and at the end of the excitation, during which the modal parameters of the structure are not
observable. Figure 3.8 plots the “identified” natural frequencies of the first two modes at these
17 points. In the numerical application, the average of exact instantaneous modal parameters
over 0.5-second time windows are used as the “identified” values so that the method is
consistent with that used for the experimental data. Therefore, the modal identification errors
are not included in this numerical application. This allows investigating the performance of
the proposed model updating method in the absence of modal identification errors. The
identified natural frequencies and mode shapes of the structure are used to form the residuals
in the objective function (see Equations 6 and 7).
The first step of model updating, as described in the previous section, is to estimate the
initial tangent stiffness for the three considered groups of elements, namely (1) the strut
elements representing the masonry walls, (2) the columns of the first story, and (3) the
columns of the second and third stories. The identified modal parameters at time t = 5.0
seconds, at which the model practically behaves linearly, are used for estimating the values of
initial stiffness. Table 3.1 reports the stiffness (Young’s moduli) for the three updating groups
of elements for the updated and the baseline model. It can be observed that the stiffness
parameters of the walls and the first story columns are estimated accurately while larger
estimation error is obtained for stiffness of the upper story columns. This implies lower
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sensitivity of the considered residuals to the stiffness of this group of elements. Figure 3.9
compares the roof acceleration response of the updated model with its exact counterpart
during the low amplitude part of the response at the beginning of the earthquake when the
response is practically linear. The reproduced response using the updated FE model is in
excellent agreement with the response of the baseline model indicating the accuracy of the
updated model during low amplitude response.
In the second step of the proposed model updating method, parameters of the nonlinear
material models for two groups of elements, i.e. the masonry wall elements and the first story
columns, are estimated. The upper story columns are not considered here as they are deemed
to behave linearly. Considering the flexibility of the Bouc-Wen model, four distinct updating
cases have been considered at this step:
Case (1): Three parameters α, β (= γ), and δ η are updated for each substructure resulting in a
total of six updating parameters using the modal parameter residuals at 17 selected points.
Case (2): Four parameters α, β, γ, and δ η are updated for each substructure resulting in a
total of eight updating parameters using the modal parameter residuals at 17 selected points.
Case (3): Three parameters α, β (= γ), and δ η are updated for each substructure resulting in a
total of six updating parameters; however updating is performed in an iterative manner. In the
first iteration, α and β (= γ) controlling the post-yield stiffness and the shape of the hysteretic
model, respectively, are estimated based on the points in the high or moderate amplitude part
of the response (all points except the two initial points and two final points, which means 13
points in the middle). In the second iteration, stiffness degradation parameters δ η are
estimated (while other parameters are fixed) based on the modal parameters at the two initial
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and two final time instances. These iterations are repeated consecutively until no significant
reduction in the objective function is observed.
Case (4): Similar to Case 3 but in the first iteration, three parameters α, β, and γ are updated.

Table 3.1 Updated initial stiffness values (Young’s moduli [ksi])
Walls

1st story
Columns

2nd and 3rd story
Columns

Updated

3,040

2,410

6,510

Exact

3,000

2,300

8,000
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Exact

Model Predicted

0.03
0
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Time [sec]

Fig. 3.9 Comparison of the roof acceleration response predicted using the updated FE model
and the baseline/exact values during low amplitude part of the 100% Gilroy earthquake
The estimated parameters from the updated model along with those of the baseline model
are presented in Table 3.2. From this table, it can be observed that (1) there is significant
variability in the estimated values of the material parameters across the four cases, and (2) in
general, parameters of the wall elements are estimated more accurately than those of the
column elements. This is due to the higher sensitivity of modal residuals to material properties
of wall elements. The accuracy of calibrated nonlinear FE models is quantified using five
different error metrics, namely the error in estimated model parameters (Eθ), the error in
predicted instantaneous natural frequency of the first mode (Ef), the error in predicted roof
acceleration response (Eacc), the error in predicted first story displacement response (Edis), and
the value of the objective function G(θ) . Error in the estimated model parameters is defined
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as the normalized sum of the relative difference between the updated parameters and those of
the baseline model.

Eθ = ∑
j

θ idj − θ jbaseline
θ baseline
j

×100

(8)

with θ idj and θ baseline
referring to the identified and baseline Bouc-Wen parameters. The error
j
metrics for the instantaneous natural frequencies, as well as displacement and acceleration
responses are defined as the normalized l2-norm of the discrepancies between model-predicted
response and the exact values. The response time histories between 10 and 35 second are
considered in computation of these norms:

Ex =

x model - x measured
x measured

×100

(9)

where xmodel and xmeasured correspond to the model predicted and baseline model vectors of
response time histories, and K denotes the l2-norm. Table 3.3 reports these five error
metrics for the updated FE models in Cases 1-4. It is observed that (1) even though the
estimated model parameters do not necessarily match those of the baseline model, all four
updated models predict the acceleration response and the instantaneous natural frequency of
the structure accurately, (2) Case 1 provides the most accurate model in terms of all error
metrics while the models from Cases 3 or 4 can be the second best depending on which error
metric is considered, and (3) updating the degradation parameters iteratively in a separate step
(Cases 3 and 4) does not improve the results.
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Fig. 3.10 Comparison of the baseline/exact and model predicted instantaneous natural
frequencies of the first mode during the most nonlinear part of response (left), and the
windowed natural frequencies (averaged over 0.5 second windows) at the 17 points used in
updating (right)
In Figure 3.10, the time histories of the instantaneous natural frequencies of the four
calibrated FE models over the most intense portion of the ground motion (12-14 seconds) are
compared with the values from the baseline model in the left column while the 0.5-second
window averaged natural frequencies of the models are compared with the identified values at
the considered 17 time instances in the right column. Overall, the instantaneous natural
frequencies of the updated models are in very good agreement with the exact values except
for a few cycles during the most nonlinear part of response for Cases 2-4. Figure 3.11
compares the roof acceleration and first-story displacement responses of the four models with
those of the baseline model during the most demanding part of the excitation. In Figures 10
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and 11 it can be observed that the natural frequencies, as well as the response quantities,
especially the roof acceleration, of the updated models match well their counterparts obtained
from the baseline model, even if the model parameters are not identical.
This can be related to the mentioned characteristics of the Bouc-Wen models that the
parameters of this material model are not completely independent [33, 34]. Although in this
study a small number of parameters are being updated, the model updating methodology can
yield different sets of material parameters that yield satisfactory model behavior which is
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Fig. 3.11 Comparison of the baseline/exact and model predicted roof acceleration (left) and
first story displacements (right) responses during the most nonlinear part of response
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related to the choice of the constitutive law model. This is a very important observation that
one should keep in mind when calibrating numerical models. For example, in the Bouc-Wen
model there is a compensation effect between the degradation parameter δ η and β and γ that
influence the shape of the hysteresis loops. Since the degradation behavior in the Bouc-Wen
model is defined based on the hysteretic energy (i.e., enclosed area by the hysteresis loop) and

δ η , increasing β and γ (which results in larger hysteresis loops) will have similar effects as
decreasing δ η . Dependency of the updating parameters as well as low sensitivities of the
residuals to these parameters can be the main sources of non-uniqueness (unidentifiability)
and estimation error of the model parameters. Figure 3.12 compares the base shear force
versus the first story displacement hysteretic plots for the four cases. The normalized error
between the measured and model-predicted maximum (absolute) base shears for Cases 1-4 are
2.1, 21.5, 19.3 and 13.4%, while the normalized errors between maximum (absolute) first
story displacements are 1.8, 1.7, 1.9, and 7.1%. Case 1 model provides an excellent match to
the exact hysteretic behavior while other cases have some prediction errors. This observation
stresses the importance of a ‘good’ calibration of a numerical model and provides insight as
the criteria that should be used in the model updating algorithm based on the use of the
numerical model. While base shear appears to be an informative feature to be used as a
residual and in the objective function, in practice it is often very difficult (if not impossible) to
accurately measure the base shear in a civil structure.
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Table 3.2 Updated parameters of the hysteretic material models (numerical application)

α wall

γ wall

β wall

4,000 4,000

δηwall

α col

6.7

0.5

γ col

β col

2,000 2,000

δηcol

Exact

0.1

5.3

Case 1

0.084

Case 2

0.0001 1,642 4,791 5.40 0.471 1,383 3,983 5.73

Case 3

0.003

3,162 3,162 5.54 0.458 2,048 2,048 3.25

Case 4

0.045

3,316 4,086 5.45 0.357 1,691

3,642 3,642 6.79 0.332 1,422 1,422 2.79

663

3.66

Table 3.3 Error metrics [%] and objective function values for the four updated FE models and
the validation case (numerical application)
Ef

Eacc

Edis

G(θ)

Case 1

174 2.4

6.0

12.8

0.011

Case 2

342 4.1 13.3 134.6 0.012

Case 3

209 3.3 11.2 126.3 0.006

Case 4

235 2.6

Eθ

67% Gilroy (validation)

-

8.1

36.6

0.014

5.6 20.4

15.1

-

Finally, the updated FE models are validated by evaluating their performance in predicting
the response of structure to a base excitation different from the one used for model updating.
Figure 3.13 shows the predicted response using the updated model in Case 1 when subjected
to 67% Gilroy base excitation. The predicted roof acceleration and first story displacement
responses, base shear force versus first story displacement hysteretic curve, and instantaneous
natural frequency of mode one are compared with their corresponding exact values. Table 3.3
reports the values of error metrics between model predictions and measurements for 67%
Gilroy base excitation. It is found that the updated nonlinear FE model can accurately predict

77

Case 1

Case 2

250

Shear Force [kips]

0

−250

Exact
Model Predicted

Case 4

Case 3

250

0

−250
−0.15

0

−0.15

0.15

Displacement [in]

0

Displacement [in]

0.15

Exact

Model Predicted

0

(a)
−1.5
12

13

14

15

Displacement [in]

1.5

0.05
0

(b)

−0.05
12

13

14

15

14

15

Time [sec]
150

Frequency [Hz]

Base shear [kips]

Acceleration [g]

Fig. 3.12 Base shear force vs. first story displacement hysteretic plots from the four updated
models and the baseline/exact counterparts
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Fig. 3.13 Comparison of the baseline/exact and predicted responses of the updated model
(Case 1) to 67% Gilroy: (a) roof acceleration response, (b) first story displacement response,
(c) base shear force vs. first story displacement hysteresis, and (d) instantaneous first mode
frequency
the response of the underlying system under a different loading in this numerical application
when modeling errors and estimation errors are not present. However, the model-predicted
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response to the new excitation has larger error/uncertainty compared to that for the excitation
used in updating. In general, a calibrated model can predict the response of structure to a
different excitation reasonably well when the new excitation causes similar or smaller level of
nonlinearity (i.e., weaker input) as it is shown in this study. However, predicting the response
of a structure to excitations with larger magnitude than the one used for model calibration is
very challenging. This is usually due to the fact that during the stronger excitation the
structure goes to larger levels of nonlinearity which was not observed in the calibration data
and therefore the model cannot extrapolate to those levels of nonlinearity accurately.

3.5.2 Application to Experimentally Measured Data
After the validation of the proposed nonlinear FE model updating method with
numerically generated data, its performance is evaluated with application to experimentally
measured data of the considered large-scale infilled frame specimen to the 83% Gilroy
earthquake. The model updating is performed in two steps as described in Section 4. In the
first step, the initial stiffness values of elements at three substructures are estimated using the
identified modal parameters at an instant at which the response is within the elastic range.
Here the time t = 11 seconds has been selected. The effective Young’s moduli for the walls,
first-story columns, and higher story column elements are updated as 3940, 2900, and 3690
ksi, respectively. Table 3.4 compares the experimentally identified modal parameters of the
first two modes with those from the updated FE model after the first step. Modal parameters
of the updated FE model are in excellent agreement with the identified values, indicating the
accuracy of the updated model in predicting the low-amplitude response of the test structure
at the beginning of the excitation.
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Table 3.4 Comparison of modal parameters of updated FE model and those identified from
measured data
Natural Freq.
[Hz]

Identified
Model predicted

MAC [%]

Mode 1

Mode 2

Mode 1

Mode
2

16.39
16.39

39.08
39.08

99.6

98.1

In the second step, parameters of the two hysteretic material models are updated. The
identified windowed modal parameters including the natural frequencies and mode shapes of
the first two modes at 17 points along the response time history, as shown in Figure 3.5 and
discussed earlier, are used for updating the nonlinear material models in this step. From the
four different updating cases used in the previous section, Case 1 is considered for calibrating
the nonlinear FE model in this section as it was the most successful among the four cases. In
this section, a new Case 2 is defined by adding displacement residuals to the previously
defined objective function shown in Equation 6. The displacement residuals are calculated as
the difference in model-predicted and measured first story displacements at 10 selected points,
which are mostly located at the peaks of the response during its high amplitude part. The new
objective function for Case 2 can be written as:
Nd

G* (θ) = G (θ) + ∑ wtd (rt d (θ)) 2
t =1

(10)

 d (θ, t ) − d% (t ) 
with r (θ) = 

d% (t )


d
t

where G* (θ) is the new objective function, rtd (θ ) is the vector of displacement residuals at
time t, with total number of points Nd = 10, and displacement residual weights wtd = 1. d (θ, t )
and d% (t ) refer to the model-predicted and experimentally measured displacements at the first
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story. In summary, Cases 1 and 2 in the experimental application of the proposed
methodology are defined as:
Case (1): Three parameters α, β (= γ), and δ η are updated for each substructure resulting in a
total of six updating parameters using modal parameter residuals in the objective function

G (θ) .
Case (2): Three parameters α, β (= γ), and δ η are updated for each substructure resulting in a
total of six updating parameters using modal parameter and displacement residuals in the
objective function G* (θ) .

Table 3.5 Updated parameters of the hysteretic material models (experimental application)

α wall

γ wall

β wall

δηwall

γ col

α col

β col

δηcol

Case 1

0.058 39,918 39,918 3.49 0.399 22,790 22,790 1.90

Case 2

0.101 37,352 37,352 2.79 0.340 19,258 19,258 1.31

Table 3.6 Error metrics [%] and objective function values for the two updated FE models and
the validation case (experimental application)
Edis

Case 1

74.9

178.5

Case 2

65.1

159.3 1.222*

67% Gilroy (validation) 103.7 265.6
*

G(θ
θ)

Eacc

0.981

-

Note that the value of G(θ
θ) for Case 2 includes the additional displacement residuals

Table 5 presents the estimated Bouc-Wen material parameters of the walls and first story
column elements for Cases 1 and 2 of nonlinear FE model updating based on experimental
data. It can be seen that the addition of the displacement residuals in the objective function
affects the values of estimated parameters. Table 3.6 reports the roof acceleration and first81

story displacement error metrics as well as the values of G(θ) for the two updated models.
The acceleration and displacement error metrics in the experimental application are defined in
a manner similar as in the numerical application. The first-floor absolute horizontal
displacement was measured during the shake-table tests using LVDT sensors. It is worth
noting that the use of 10 local peaks was preferred over the use of complete displacement time
history because (1) in the absence of large measurement errors, the updating results using the
10 selected points are very close to the results based on the complete time history (Eacc =
68.4% and Edis = 157.9%), i.e., displacement error metric slightly decreases while acceleration
error metric slightly increases, and (2) in the presence of large measurement errors, updating
results will degrade by adding low-amplitude noisy data to the residuals. From Table 3.6, it
can be observed that (1) the addition of displacement residuals improves the accuracy of
acceleration and displacement response predictions but it degrades the match between
analytically predicted and experimentally identified modal parameters, and (2) the error
metrics in the experimental application are significantly larger than those in the numerical
application. This is mainly due to fact that the performance of a complex structure is being
simulated with a simplified FE model (i.e., large modeling errors). The model used in this
study is still more complex than those typically used in engineering practice but involves a
number of simplifying assumptions in modeling the interaction between the infills and
bounding frame that can be expected to result in significant modeling errors; especially when
the structure behaves highly nonlinear. Using more detailed and complete FE models such as
the one developed by Stavridis and Shing [38] can reduce the modeling errors. However,
more sophisticated models require a larger number of updating parameters which makes the
updating process more complicated and computationally expensive. Another source of error
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in the experimental application of the proposed nonlinear FE model updating method is the
estimation uncertainty of the identified modal parameters from a short-time window of data.
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Fig. 3.14 Comparison of model predicted roof acceleration (left) and first floor displacement
(right) with their measured counterparts
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Fig. 3.15 Comparison of model predicted and experimentally identified natural frequencies of
the first (left) and second (right) modes at the 17 considered instances
Figure 3.14 compares the model predicted roof acceleration and first floor displacement
responses with the measured values. Modal parameters of the updated models and the
experimentally identified modal parameters at the 17 time instances used for model updating
are shown in Figure 3.15. Figure 3.16 compares the model predicted and experimentally
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measured base shear versus first floor displacement hysteretic curves. The predicted hysteretic
curves here are calculated by multiplying the total accelerations and masses of the floors, to

Base Shear [kips]

be consistent with their experimentally computed counterparts. From Figures 14 to 16, it can
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Fig. 3.16 Comparison of model predicted and experimentally measured base shear vs. first
floor displacement hysteretic plots for the two cases of model updating
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Fig. 3.17 Shear force vs. displacement hysteretic plots using the updated model in Case 1 for
83% Gilroy excitation at (a) left wall of first story, (b) left wall of the second story, (c) left
wall of the third story, and (d) center column of the first story
be observed that (1) the updated models accurately predict the acceleration and displacement
time histories and match the identified modal parameters, (2) the addition of displacement
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residuals improves the accuracy of predicted response time histories, and (3) the forcedisplacement hysteretic curves of the models are in reasonably good agreement with those
obtained from the experiment. However, the error between model predicted and measured
hysteretic curves is larger than the error in response time histories or modal parameters.
Figure 3.17 shows the force-displacement hysteretic curves for the walls of each story and
the columns of the first-story predicted using the updated model in Case 1 due to the 83%
Gilroy record. It can be seen that the first story walls have the highest amount of nonlinearity,
the second story walls behave moderately nonlinear and the nonlinearity in the top story walls
and first story columns is low. The observation of the specimen [26, 27] indicated the
appearance of large cracks after the 83% Gilroy earthquake in the walls of the first story while
negligible damage was detected in the walls and columns of the second and third stories.
Another observation from inspection of test specimen is that some cracks have propagated
from the walls to the columns in the first story during the excitation. This observation is also
verified by the updated FE model as yielding at some sections of the columns is predicted in
the model. The material nonlinearity (e.g., due to crack propagation in concrete and masonry
infills, and yielding in steel rebars) is directly correlated with the amount of structural damage
observed in the test structure during the experiment [26, 27]. Therefore, a reasonably wellcalibrated nonlinear FE model can be used to predict the amount of nonlinearity (e.g., material
yielding and stiffness degradation) in a structure for a future excitation and this information in
turn can be used for damage diagnosis and reliability analysis.
Similarly to the numerical application, the updated models are validated by predicting the
response of the structure to an input excitation different from the one used for updating.
Figure 3.18(a) and 18(b) show the predicted roof acceleration and first floor displacement
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response (using the updated model in Case 1) to the 67% Gilroy record together with the
measured time histories. The updated model can predict the response of the structure to 67%
Gilroy accurately for low to moderate amplitude response while the prediction error increases
for high amplitude part of response. Figure 3.18(c) compares the base shear force versus first
story displacement hysteretic curves while the comparison between the identified and model
predicted time-varying first mode natural frequencies during this base excitation is shown in
Figure 3.18(d). The average of the instantaneous frequencies from the model can estimate the
identified frequencies and their trend reasonably well. The error metrics between model
predictions and measurements for this excitation are provided in Table 3.6. These errors are
significantly larger than those for the excitation used in updating which is mainly due to
modeling errors. The updated model seems to behave more nonlinearly than the actual
specimen. Therefore, the model-predicted peak displacement is larger than the measured peak
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Fig. 3.18 Comparison of the model predicted (Case 1) and experimental values of responses
to 67% Gilroy: (a) roof acceleration response, (b) first floor displacement response, (c) shearfirst story displacement hysteretic curve, and (d) first mode frequency
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3.6 Conclusions
A methodology for practical nonlinear FE model calibration of complex real-world civil
structures is proposed in this study. Parameters of material hysteretic models for different
substructures are updated to minimize an objective function that is based on the difference
between the time-varying modal parameters of the FE model and the identified values at
selected points along the response time history. The windowed DSI method is used to identify
the time-varying modal parameters at considered time instants. Performance of the proposed
method is first evaluated when applied to numerically simulated response of a 3-story RC
frame with masonry infill walls. Parameters of nonlinear material models for two groups of
elements (i.e., all masonry wall elements and first-story RC column elements) are estimated in
four different cases of model updating. From the numerical application results, it can be
concluded that there is significant variability in the estimated updating parameters across the
four cases. This can be related to the fact that the updating parameters are not completely
independent. However, different combinations of material parameters of four updated models
can predict the acceleration response and the instantaneous natural frequency of the structure
quite accurately. In the case of the structure considered here, the material parameters of the
wall elements are estimated more accurately than those of the column elements. This is due to
the higher sensitivity of modal residuals to material properties of wall elements. Finally, the
updated nonlinear FE model can accurately predict the response of the underlying system
under a different loading when modeling errors and estimation errors are not present.
Performance of the proposed nonlinear FE model updating method is also evaluated when
applied to experimentally measured data obtained from a large-scale infilled frame specimen
subjected to the 83% Gilroy earthquake on a shake table. From the results, it can be observed
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that: (1) the updated models accurately predict the acceleration and displacement time
histories and match the identified modal parameters, (2) addition of displacement residuals
improves the accuracy of acceleration and displacement response predictions while degrade
the match of the modal parameters, and (3) the updated models are validated by predicting the
response of the structure to an input excitation different from the one used in the model
calibration. The average of the instantaneous frequencies and their trend during the new
excitation can be predicted reasonably well.
Nonlinear FE model updating can provide improved and more accurate damage
identification results (i.e., a more comprehensive measure of damage) as compared to linear
model updating. The experienced amount of material nonlinearity (due to crack propagation
in concrete, masonry infills, and yielding in steel rebars) is a good measure of structural
damage. Therefore, a reasonably well calibrated nonlinear FE model can be used to predict
the amount of nonlinearity (e.g., material yielding and stiffness degradation) in a structure for
a future excitation and this information in turn can be used for damage diagnosis and
reliability analysis.
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Chapter 4
Nonlinear Model Calibration of a Shear Wall Building using
Time and Frequency Data Features

Chapter 4 is a slightly modified reprint of the submitted material for possible publication in
the Mechanical Systems and Signal Processing (2014), Asgarieh, E., Moaveni, B., Barbosa,
A., Chatzi, E. The dissertation author was the first author and leading graduate student
researcher of this paper.

4.1 Introduction
A large number of methods exist in the literature for identification of structural systems from
measured dynamic data. Among these methods, finite element (FE) model updating has
received increased attention in the structural health monitoring research community with the
goal of reliable response prediction and damage assessment of civil structures. Physics-based
FE models can directly use the available information from geometry and material behavior of
a structural system and therefore can mitigate the effects of modeling error and uncertainty in
the identification process [1-4]. Most of the FE model updating studies in the literature are
restricted to linear model assumption [5, 6]. In the application of linear model updating,
selected model parameters are tuned to match the extracted data features measured during the
linear (low-amplitude) response of structures. Comparison of linear modeling parameters
(often stiffness) before and after a damaging event, such as an earthquake, can be used for
estimating the location and extent of damage in the structure. Successful application of linear
FE model updating can be found in the literature for damage identification [7-12]. However,
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updated linear models are only useful for predicting the future response of structures to low
amplitude excitations, and can lead to large errors when used for nonlinear response
estimation [13, 14]. In addition, most civil structures are inherently characterized by nonlinear
behavior and therefore in an effort to avoid large modeling errors, nonlinearity should be
taken into consideration [15]. To this end, nonlinear models are necessary for accurate and
efficient prediction of structural response to moderate-to-high amplitude excitations.
The nonlinearity in FE models of civil engineering structures is often modeled via assignment
of appropriate hysteretic material properties to groups or clusters of elements. Therefore, for
calibration of such nonlinear FE models, it would suffice to estimate the time-invariant
parameters of the hysteretic constitutive law, rendering such a formulation particularly
convenient for model updating purposes. Few applications of nonlinear FE model updating
exist in the literature [16-19]. However, the accuracy of calibrated nonlinear models gravely
depends on the choice of data features used in the updating process and modeling
assumptions. In this paper, the effects of four types of data features in the updating process
are investigated. In addition, some of the common difficulties of updating nonlinear models of
complex systems such as ill-conditioning and lack of identifiability are studied. The role of
modeling error/uncertainty is also studied on the accuracy of identification results by
considering models with different constraints and hysteretic material behaviors. The case
study analysis is performed on the simulated response of a seven-story shear wall building
using a detailed FE model of the test structure, which was calibrated manually to match the
recorded test data. Nonlinear FE models of the structure are calibrated by minimizing an
objective function defined as a measure of the discrepancy between data features of the
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forward simulation models and their simulated counterparts using the simulated annealing
(SA) global optimization method [20].
In the case of using non-physics based models, several methods exist in the literature for
nonlinear model calibration. Among these methods, prediction error methods such as
nonlinear autoregressive models with exogenous input [21] and adaptive methods such as
Kalman or Particle filters have been used successfully for real-time nonlinear identification
[22-29]. In applications of adaptive methods, nonlinearity is modeled using analytical
phenomenological material models such as the Bouc-Wen model [30-33]. Although this
framework has been applied successfully in many cases and promising results are reported, its
applicability is hindered by problems such as large modeling errors in the considered statespace models (such as oversimplification of models, wrong boundary conditions and
constraint assumptions, and incompatible nonlinear models) and difficulty of applying these
models to more complex structural systems with large number of degrees-of-freedom [34]. In
this paper, the applicability of an Unscented Kalman filter [35, 36] algorithm is demonstrated
for identifying two nonlinear state-space models of the test structure relying on different
modeling assumptions. The effects of these modeling assumptions on the performance of the
implemented Kalman filter are investigated.
The work presented herein is formulated as follows. Section 2 briefly describes the test
structure, the detailed FE models used for response simulation, and the simplified FE models
applied for identification. Section 3 presents the model updating process, the updating results,
and the performance of the applied models for structural identification. In Section 4,
simplified state-space models are identified by the Unscented Kalman filter and it is shown
that more realistic modeling assumptions can significantly improve the accuracy of the real95

time identification. Finally, in Section 5 the major points of this research are highlighted and
conclusions are drawn.

4.2 Test Structure and FE Models
4.2.1 Detailed FE Model Used for Simulating the “Measured Data”
The test structure is a full scale seven-story reinforced concrete shear wall building section
(Figure 4.1a), and consists of a web wall as the resisting mechanism against lateral loads, a
flange wall for transverse stability, a post-tensioned column that provides torsional stability,
and four gravity columns for supporting the weight of the floor slabs. The structure was tested
on the shake table of the University of California at San Diego (UCSD) in 2006 through base
excitations of increasing intensities. More details about the structure and dynamic tests can be
found in [37]. In this paper, the response of the test structure to be used in identification is
numerically simulated using a refined nonlinear FE model of it. The nonlinear FE model
(Figure 4.1b, Figure 4.2) was developed in OpenSees [38] – based on the knowledge from the
geometry and material properties of the test structure – and was calibrated manually to
represent the measured response of the test structure to a large earthquake shake table
excitation. The FE model consists of 509 nodes, 198 elastic beam-column elements, 35
nonlinear beam-column elements with fiber cross-sections, and 315 linear elastic shell
elements. The nonlinearity is defined as uniaxial stress-strain relations at fiber cross-sections
in nonlinear beam-column elements, using Giuffre-Menegotto-Pinto [39] and Popovics [40]
material models for simulating the nonlinear behavior of reinforcing steel bars and concrete,
respectively. In the FE model, the web walls are modeled using four beam-column elements
connected in series per story, and each beam-column fiber element is discretized into four
fiber-sections (connected through Gauss-Lobatto integration points) each containing multiple
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Fig. 4.1 (a) Seven-story test structure, (b) detailed model used for response simulation, (c)
earthquake record used as input excitation, and (d) the first three translational and the first two
torsional modes of the model.
uniaxial fibers. The flange walls are modeled by a single beam-column element per story, in
which four integration points are defined for each element. To improve the efficiency of the
FE model, other parts of the structure are assumed to have linear elastic behavior and are
modeled using elastic beam-column elements and linear elastic shell elements. A 2.5%
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Rayleigh damping ratio is considered at the first and second translational modal frequencies
of the model. The response of the system is simulated for one of the shake table excitation
tests. The selected input earthquake acceleration is the longitudinal component from the
Woodland Hills Oxnard Boulevard (WHOX) station recorded during the 1994 Northridge
earthquake (Figure 4.1c). It should be mentioned that the record used as input in the
simulations was not the earthquake ground motion record itself, but instead the recorded
acceleration time history on top of the shake table was applied. The sampling frequency of the
“measured” data is considered the same as the sampling frequency during the test, which was
240 Hz.

4.2.2 Simplified FE Models Used in Identification
Simplified FE models, which are significantly different from the detailed model, are used in
the identification process. The simplified or approximate modeling alternatives introduce
modeling errors into the identification process, a consequence which is inevitable for realworld applications and models with large number of degrees-of-freedom (DOFs). Modeling
errors are also introduced due to the system’s discretization and the numerical integration
schemes involved. The simplified FE models consist of lumped masses connected to each
other with beam-column fiber-section elements, with or without constraints at the rotational
DOFs, i.e., shear building or cantilever models, respectively. Additionally, in the
identification process four different hysteretic material models are attributed to the fiber
sections for studying the effects of different material behavior assumptions. Based on a-priori
knowledge from the structure and its material properties, different nonlinear material model
classes can be considered in the FE model. The types of material models considered in this
study consist in three physics-based parallel hysteretic models for reinforced concrete and the
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Bouc-Wen model that is flexible enough for modeling different material behaviors. Figure 4.3
briefly describes the simplified nonlinear FE models and the process of generating the three
physics-based hysteretic models. In this process, three different material models for concrete
and one for steel are selected and combined in parallel to find the most suitable material
model representing the simulated nonlinear response of the structure. Three commonly
applied hysteretic models for concrete materials, which are the models suggested by Popovics
[40], Kent-Scott-Park [41], and Yassin [42] are placed in parallel with the steel material
model proposed by Giuffre-Menegotto-Pinto [39] for generating three physics-based
mechanical material models that have hysteretic behaviors similar to the reinforced concrete
sections. The fourth applied material model is the Bouc-Wen model [30-33], which is an
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Fig. 4.2 (a) Elevation view of the first story of web wall in the detailed model, (b) crosssection of the web wall with different levels of confinement of concrete (no confinement:
white, moderate confinement: light grey, and high confinement: dark grey background), and
(c) uniaxial constitutive laws for unconfined and confined concrete and steel reinforcement.
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analytical phenomenological model whose structure is particularly convenient for state-space
identification implementations. The latter is particularly important for coupling this model
with a Kalman Filter based identification approach. Each of the four material models is
assigned to the fiber sections at nonlinear beam-column elements to define the uniaxial stressstrain relation in the fibers.

(a)

(b)
Concrete hysteretic model
Steel hysteretic model
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Fig. 4.3 (a) Simple model with nonlinear beam-column fiber elements, (b) generated parallel
material model by combining selected hysteretic models for steel and concrete, (c) considered
hysteretic models for generating the parallel material model
The sections in nonlinear beam-column elements of the simplified models are discretized into
25 fibers with five fibers in each direction, which are connected by five integration points
along each element. The lumped masses in the model are estimated from the structure and are
assigned at the nodes, the heights of the stories are also the same as the real test structure, and
the hysteretic material models are chosen based on the knowledge from the material type. The
model was designed to be very simple, and use minimal information about the geometry
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(height of stories and boundary conditions) and material properties of the structure. These
simplified models are efficient for generally time consuming global optimizations in the
updating process, and also can be related to equivalent state-space models that are used by
adaptive methods such as Kalman filters.

4.3 Nonlinear Model Updating
This section reviews the process of updating the model parameters given the measured data.
Parameters of considered material models in the simplified FE models are calibrated so that
the discrepancy between selected response features of the model and their measured
counterparts is minimized. The elements of the simplified FE models are divided into
substructures with similar material properties. Three substructures are considered for the
simple FE models, namely the first story element, the second story element, and upper story
elements as shown in Figure 4.3(a). The updating process is performed in two steps; first the
initial linear stiffness of the material models in each substructure is calibrated by matching the
first three translational modal parameters of the models to the measured (simulated) values at
the beginning of the excitation with lower amplitude of excitation. The structure is assumed to
behave linearly during the low amplitude part of the excitation. In the second step, the
parameters of the hysteretic material models are calibrated by minimizing a suitably
formulated objective function. The objective function, presented in Equation 1, is defined as
the weighted sum of the squared response residuals (data features differences) and is
minimized using the SA global optimization method.
Nt

Nt

t =1

t =1

G (θ) = ∑ g t (θ) = ∑ rt (θ)T Wt rt (θ);

(1)
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In Equation 1, θ represents the parameters of the model to be identified, rt is the calculated
residual vector at time t, Wt is the diagonal weight matrix that is assumed to be equal to the
identity matrix in this research (i.e., different residuals at different time instances have the
same importance), and Nt is the number of considered time instances during which the
residuals are calculated. This study investigates the effects of two factors on the performance
of model calibration process. The first factor considers different constraint assumptions
(cantilever versus shear building model) and material nonlinearities (Popovic-Pinto, KentPinto, Yassin-Pinto, and Bouc-Wen) in the models. The second factor considers use of
different residuals in the objective function in an effort to investigate the dependency of the
model updating scheme on the optimization problem formulation. Four types of data features
are considered in the residuals, including time-varying modal parameters, displacements,
accelerations, and dissipated hysteretic energy. Overall sixteen different residual vectors are
used in the updating process based on different combination of the mentioned data features.
The first three parallel material models use the same hysteretic model for steel but different
models for concrete with similar parameterization and backbone curves. Figure 4.4 plots the
stress-strain (backbone) curves of the Popovic material model for concrete and GiuffreMenegotto-Pinto model for steel with their parameters. The combination of these two models
makes the first parallel material model. In this figure, Fy and b define the yield stress and postto-initial stiffness ratio of the steel material model, while σc is the maximum strength, and εc
and εcu indicate the strain at the maximum strength and crushing points of the concrete
material, respectively. In order to prevent negative stiffness at the softening branch of the
model at extreme nonlinearities, εc and εcu are assumed to be equal. This prevents having
complex (with non-zero imaginary component) eigenvalues in extreme nonlinearities which
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causes problem in the optimization process. It should also be noted that the estimated values
of εc = εcu for this material model are relatively large which prevent brittle failure of the
fibers. The parameter α in all three parallel material models describes the share of each of the
steel and concrete models of the total initial stiffness. The fourth material model is considered
as an extended Bouc-Wen model [31]. This model can be fully parameterized by 13
parameters. However, in this study only 3 of those parameters are used in the calibration
process. Since the Bouc-Wen model is phenomenological and not physical, its parameters
cannot be directly connected to physical effects similar to the first three parallel models (e.g.,
Figure 4.4). Equation 2 represents the formulation of the considered Bouc-Wen model.
R ( x, t ) = α K 0 x + (1 − α ) K 0 z
x& z
h
n
x&[1 − ν (t )( β
+γ) z ]
&
η (t )
xz
η (t ) = A0 + δη ε (t ), ν (t ) = A0 + δν ε (t )
z& =

(2)

In this equation, R represents the nonlinear restoring force, K0 identifies the initial linear
stiffness of the element, α defines the share of virtual hysteretic force (K0 z) of the total
restoring force and can be interpreted as the post-yield to initial stiffness ratio, γ and β define
the shape of the hysteretic loop, η is the stiffness degradation parameter, and ν and h are the
strength degradation and pinching parameters, which are not considered in this study. In the
formulations for the η and ν parameters, the A0 is usually assumed to be fixed and equal to
one, and the intensity of the stiffness/strength degradation is determined by the δη and δν
coefficients multiplied to the accumulated dissipated hysteretic energy ε(t). Based on the
authors’ past experience [43] and the sensitivity of the nonlinear response to different
parameters of the Bouc-Wen model [32, 33], four parameters of the model will be calibrated,
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namely K0, α, β = γ, and δη. The number of updating parameters in the model updating
process depends on the considered material models in each substructure and the number of
substructures. Table 4.1 represents the considered updating parameters for each of the four
material models. Based on this table and the fact that the FE model is discretized into three
substructures, the total number of updating parameters in the second step of model calibration
is 15, 15, 15, and 9 for material models 1 to 4, respectively.

εc

Popovics
εc: strain at maximum strength
σc: maximum strength
Ec = αEt
εcu: strain at crushing point

1
Εc

σc

bΕs
1
Εs

Fy

1
Giuffre-Menegotto-Pinto
Fy: yield stress
Es = (1-α)Et
b: post-yield to initial
stiffness ratio

εcu

Fig. 4.4 Stress-strain curves of Popovics (left) and Giuffre-Menegotto-Pinto (right) material
models used for generating the first parallel material model
Table 4.1 Updated parameters in each material model
Hysteretic model

Parameters in each Substruc.

No. of updating parameters

Mode l: Popovics-Pinto

α, σc, (εc=εcu), Fy, b

3×5 = 15

Mode 2: Kent-Pinto

α, σc, εcu, Fy, b

3×5 = 15

Model 3: Yassin-Pinto

α, σc, εcu, Fy, b

3×5 = 15

Model 4: Bouc-Wen

α, (β = γ), δη

3×3 = 9

Another important factor that can influence the accuracy and performance of the model
updating procedure is the choice of residuals in the objective function. In this study, the model
updating results are cross evaluated on the basis of sixteen different residuals. These residuals
are based on different data features and their combinations. In general, the features that are
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directly measured (e.g., acceleration) contain the least amount of error. However, they may
not be the best features to be used for model calibration. This can be due to low sensitivity of
updating parameters to these features or the importance of the features in damage assessment
of the underlying structural system. In addition, calibrating models with some specific
features may result in a more consistent match between model and structure even in the
features that are not used for model calibration. Figure 4.5 shows the considered types of
response features measured (simulated) during the 1994 Northridge earthquake for the
considered seven-story shear wall structure. It includes the acceleration and displacement
response time histories, the estimated cumulative base shear versus first story displacement
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Fig. 4.5 Time histories of the response features used in the updating process: roof
acceleration, roof displacement, first story cumulative hysteretic energy, and time-varying
natural frequencies of the first three translational modes during 1994 Northridge earthquake
base excitation
longitudinal modes at 25 time instances. It should be noted that the base shear is
approximately estimated using only the total horizontal accelerations at floor levels. The
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identified time-varying natural frequencies are the average of exact instantaneous modal
frequencies from the detailed FE model over a window of 0.5 s around the selected points. In
experimental applications, the time-varying modal parameters can be identified using a
windowed deterministic-stochastic subspace identification (DSI) method [44, 45]. The
considered time instances are arbitrarily selected along the response and correspond to the
local peaks in the displacement time history. It has been observed by the authors that the local
peaks are very informative about the nonlinear behavior of the structure, and therefore can
yield accurate identification results.

Table 4.2 Considered residuals in the objective function and data features used in each
residual vector
Residual
#

Data Feature

Residual Vector Size

r1

Time-varying modal parameters of 3 modes

600

r2

Accelerations (at 25 selected points)

175

r3

Accelerations (all point 0-50 s)

84,000

r4

Displacements (at 25 points)

175

r5

Displacements (all points 0-50 sec)

84,000

r6

r2 and r4

350

r7

r3 and r5

168,000

r8

Acceleration × displacement (at 25 points)

175

r9

Acceleration × displacement (all point 0-50 s)

84,000

r10

Hysteretic energy (at 25 points)

175

r11

Hysteretic energy (all point 0-50 s)

84,000

r12

r1 and r2

775

r13

r1 and r4

775

r14

r1, r2 and r4

950

r15

r1 and r8

775

r16

r1 and r10

775
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Table 2 presents the 16 considered residuals in this study and the data features used in each
residual. The first residual is based on the identified natural frequencies and mode shapes
(with seven components at floor levels) of the first three translational modes shown in Figure
4.1 at 25 time instances. To study the effect of number of time instances (points) considered
in the acceleration, displacement, or hysteretic energy time histories, two different lengths of
residual vectors are used for each of these residuals, namely 25 (same instances considered for
time-varying modal parameters) or 50 seconds ×240 Hz = 12,000 points of response
measurements. It should be mentioned that the acceleration, displacement, and energy
features include measurements at all seven floor levels. Since the estimated hysteretic plots
are very erratic, especially during the moments with more intense excitation and higher
nonlinear behavior, filtering can help for better comparison between the identified and model
simulated values. The hysteretic energy time histories have been filtered using an FIR filter of
order 100 to make the energy plots smooth. The order of the filter is chosen subjectively after
trying different orders.

4.3.1 Step 1: Calibration of Linear Model Parameters
In this step, the parameters of the underlying linear models (i.e., the elastic stiffness
components of different stories) are calibrated by matching the natural frequencies and mode
shapes (at floor levels) of the first three translational modes at the beginning of the excitation.
The structure is assumed to behave linearly during the low amplitude part of response near the
beginning of excitation and therefore the modal parameters are time-invariant. Larger weight
(10 times) is put on the natural frequency residuals compared to the mode shape residuals due
to the larger number of mode shape components and higher sensitivity of linear stiffness to
natural frequencies. Three stiffness parameters, namely the Young’s moduli, are updated, one
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for each of the three substructures shown in Figure 4.3. Three different models with different
modeling assumptions are used in the updating process. The first model is assumed to be a
cantilever with no constraints on rotational DOFs. The second model is a semi-cantilever with
constrained rotational DOFs at the first and second masses and the third model is a shear
building model with no free rotational DOFs at floor levels. Table 4.3 represents the identified
stiffness parameters (Young’s moduli) of the three substructures, a comparison between
modal parameters of model and the structure, and the values of optimum objective function
for the three types of considered models. It can be seen that the cantilever model matches the
modal parameters of the structure significantly better than the other considered models.
Constraining the rotational DOFs of the structure has considerably deteriorated the model’s
ability to match the extracted data features and has resulted in inconsistent identified stiffness
values. Thus, in the subsequent analysis steps, only the cantilever modeling assumption is
considered for nonlinear model calibration.

Table 4.3 Linear model calibration results

Model

Mode Mode Mode
1
2
3

24.45

0.99

0.99

0.99

0.034

10.08

22.09

0.96

0.87

0.86

0.051

6.26

9.82

0.98

0.91

0.71

1.07

Natural frequencies [Hz]

Substr
1

Substr
2

Substr
3

Mode 1
f1=1.88

Mode 2
f2=9.34

Mode 3
f3=23.08

1- Cantilever

67.43

62.81

2.79

1.84

9.36

2- SemiCantilever

54.33

3.93

19.24

1.76

3- Shear
Building

5.17

67.22

0.28

2.15

*

MAC*

Objective
function

Updated stiffness
[106 MPa]

MAC stands for modal assurance criteria

4.3.2 Step 2: Calibration of Nonlinear Model Parameters
After identifying the linear model parameters in the first step, the time-invariant parameters of
each nonlinear material model are updated by minimizing different response residuals.
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Assigning wrong or incoherent material behavior to the structural elements can be an
important source of modeling error. In an attempt to study the effects of this source of error
different types of material models are considered in the simplified nonlinear FE models of the
structure. The first three models are generated by combining three commonly used hysteretic
models for concrete in parallel with a steel material model. The last model is the Bouc-Wen (Baber-Noori), a more flexible numerical hysteretic model with partially dependent modeling
parameters that can make the inverse problem ill-conditioned. For the first three material
models five parameters are updated for each substructure versus three parameters for the last
material model (see Table 4.1). To study the effects of different data features on the accuracy
of the nonlinear identification results, sixteen alternative residual measures are used in the
formulation of the objective function (Table 2) resulting in a total of 4 models × 16 residuals
= 64 optimization setups. Equation 3 defines the residual vectors based different types of data
features. The natural frequency residuals r f are defined as the difference between the
identified and model calculated time-varying natural frequencies normalized by the identified
values at considered time instances. Mode shape residuals rφ are the differences between unitlength normalized mode shapes of the model and identified values at different time instances.
Displacement or acceleration residuals rd are similarly defined as the difference between
measured data and model predicted response time histories at considered times and
normalized by the Euclidian norm of measured data.

nf

Nt N f
 f

1
r f = U U  m − 1  ; rφ =
f
N
t =1 nf =1 
id
φ
t

 Φm
Φ
− id

U
U
Φ
Φ id
t =1 nf =1 
m
Nt

Nf

nf

Ns

1
 ; rd = U ns
ns =1 d
t
id

Nt

U(d
t =1

− d id )t

ns

m

(3)

In this equation, subscripts m and id refer to the model and identified features, respectively, t
is the time instance index, superscripts nf and ns are the vibration mode and story numbers,
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respectively, f is the natural frequency, Φ is the mode shape, d is the displacement response,
and Nt and Nϕ are the numbers of considered time-instances and numbers of mode shape
components. The simulated annealing (SA) global optimization method is used to minimize
the different objective functions. It is worth noting that each case of global optimization
would approximately take 48 hours of CPU time using an average PC (2 GHz processor and 8
GB RAM). In this study, the optimization runs have been carried out using the Tufts cluster.
The cluster includes approximately 170+ compute nodes and a peak performance of roughly
60+ Teraflops. Each cluster node has 12, 16, or 20 cores using three different Intel CPUs and
the node memory can vary between 24 to 256 gigabytes. The implemented software for this
application, namely OpenSees and Matlab have been made available in the Cluster
environment.
Tables 4 and 5 report the statistics (mean and standard deviation) of the identified parameters
for models 1 to 3 and model 4, respectively, using different residuals (all except r10 and r11).
Parameters of the nonlinear models, especially for the first three physics-based models, can
provide information about the amount and type of nonlinearity in different substructures.
Bouc-Wen model parameters can also provide some information about the nonlinear behavior
of the structure, but the dependency and lack of physical definition of the parameters make
their interpretation more difficult. From Table 4.4 it can be observed that the identified
parameters have relatively large variations using different residuals. This may underline the
sensitivity of the identification results to the data features used in the updating process or high
uncertainty in the identified parameters. The estimated parameter α is consistently found to be
larger for the first substructure across different models. A larger value of α defines a larger
contribution of concrete to the overall parallel stiffness, which can be an indication of larger
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nonlinear behavior at the bottom of the shear wall (substructure 1). The identified parameters
also show large variability across different models, which is due to the different formulations
of the three constitutive models. It should also be noted that even though the nonlinear
material parameters show significant variability across residuals and material models, most of
the calibrated models can fit accurately the measured acceleration, displacement and modal
parameters of the first two modes. In the Bouc-Wen model, it can be observed that similar to
the first three material models, the most nonlinear substructure is identified at the lowest
story. Note that in this model, smaller α indicates more nonlinear behavior, but larger values
are obtained for γ and β for higher stories, which also indicate more nonlinear behavior. The
multiplication of the parameters of the Bouc-Wen model has resulted in greater dependency
of the parameters of the model to each other and strong compensation effect as it has been
reported in [32, 33, 43].

Table 4.4 Statistics (mean/standard deviation) of identified parameters for material models 13 using 14 different residuals (all except r10 and r11)
Model 1 (Popovics-Pinto)

Model 2 (Kent-Pinto)
Substr.
Substr. 1 Substr. 2 Substr. 3 Substr. 1 Substr. 2
3

α
σc*
εc
F y*
b

Model 3 (Yassin-Pinto)
Substr. 1

Substr. 2 Substr. 3

0.54/0.30

0.15/0.15

0.12/0.09

0.70/0.20

0.29/0.22

0.16/0.11

0.61/0.19

0.30/0.22

0.17/0.10

-2027/1420

-2241/1751

-1469/1096

-1544/1345

-2144/1441

-1027/600

-2103/1296

-2365/1372

-1786/1089

-2.83/2.19

-0.61/1.01

-0.80/1.23

-0.04/0.04

-0.24/0.29

-0.48/0.53

-0.06/0.04

-0.66/1.58

-0.79/0.92

793/503
0.24/0.12

1765/958
0.63/0.30

1241/565
0.46/0.28

1165/731
0.38/0.26

1476/800
0.53/0.29

1165/586
0.52/0.27

924/710
0.37/0.29

1296/758
0.40/0.24

855/627
0.57/0.25

* units are in MPa

Table 4.5 Statistics (mean/standard deviation) of Bouc-Wen model parameters
using 14 different residuals (all except r10 and r11)
Substr. 1 Substr. 2 Substr. 3
α 0.13/0.05 0.63/0.25 0.72/0.29
β=γ 758/591 900/587 1651/369
δη 321/112 290/160 291/153
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In order to quantify the performance of different calibrated models, different error metrics are
defined based on the difference between the model predicted and the measured data quantities
as shown in Equation 4.

ei =

yi m − yiid

(4)

yiid

Equation 4 is used to define 24 different error metrics. The error metrics used in this study are
based on the following response features: (1-7) acceleration time histories of each floor
between 0 to 50 seconds, (8-14) displacement time histories of each floor 0-50s, (15-21)
dissipated hysteretic energy at each story 0-50s, and (22-24) natural frequency at 25 selected
times for the first three translational modes.
Figure 4.6 shows the mean and range of time-domain error metrics (acceleration,
displacement and dissipated energy time histories) over the seven stories for different
residuals and material models used. In the right column, the frequency domain error metrics
are also shown for the three modes and four material models. The vertical axes correspond to
the residual number listed in Table 4.1. For the time-domain errors, the horizontal lines in the
plot represent the error range in the seven stories and the dots refer to the mean values. The
black vertical lines indicate the smallest error containing the three lowest mean residual
errors, i.e., three residuals will have smaller or equal mean error values. Table 4.6 shows the
average over all 24 error metrics for each residual and each material model. From Figure 4.6
and Table 4.6, it can be seen that (1) in general residuals based on acceleration and
displacement time histories provide the best overall fit for different error metrics, (2) the
inclusion of more data points (e.g., r2 to r3, and r4 to r5) in the residual vector always
improves the response predictions, especially for the case of the acceleration residual which is
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characterized by more erratic changes and richer frequency content, (3) the fourth considered
material model is not able to fit the measured data using any of the considered residuals, (4)
the natural frequency error for the third mode is consistently larger than that the first two
modes indicating the inability of considered models to fit this mode, (5) the shape of mean
acceleration error and mean displacement error plots in Figure 4.6 are similar while they are
different from the mean energy error plot, (6) residuals r10 and r11, which are solely based on
hysteretic energy, provide large errors in other three metrics, however, residual r16, which
includes a combination of energy and frequency features provide reasonably good fits
between the model and data, (8) using residuals r8 and r9, which can be interpreted as
increments in the hysteretic energy (r10 and r11), can improve the updating results in
comparison to the use of r10 and r11. As an illustration, Figure 4.7 shows a comparison
between model predicted and measured data features for a calibrated model based on the third
material model (Yassin-Pinto) and r12 residual (combination of modal parameters and
acceleration). It can be observed that the updated model can closely match the natural
frequencies of the first two translational modes as well as the acceleration and displacement
time histories. The hysteretic energy plots of the model and the data have larger discrepancies
that could be due to accumulation of small errors in shear and displacement predictions over
time. It is worth noting that the time-domain error metrics are summation of response
discrepancies at 12,000 points so even for relatively large error metrics, the response features
can match well as shown in Figure 4.7.
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Fig. 4.6 Acceleration, displacement, hysteretic energy, and natural frequency error metrics for
calibrated models using 16 different residuals and four different material models
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Fig. 4.7 Comparison of different data features between measurements and a calibrated model
using Yassin-Pinto material model and residual r12 (acceleration and frequency) (a) timevarying natural frequencies, (b) hysteretic energy at the first story, (c) roof acceleration, and
(d) roof displacement
Table 4.6 Average error metrics for updated model using different residuals and material
Residual Model 1 Model 2 Model 3 Model 4
r1

0.61

0.47

0.56

4.10

r2

0.48

0.56

0.48

7.23

r3

0.37

0.45

0.41

5.33

r4

0.48

0.32

0.42

3.66

r5

0.34

0.32

0.38

1.64

r6

0.45

0.65

0.45

1.36

r7

0.39

0.47

0.39

1.36

r8

0.49

0.54

0.41

4.16

r9

0.43

0.56

0.45

8.18

r10

0.57

0.47

0.54

8.32

r11

0.78

0.50

0.53

68.08

r12

0.44

0.76

0.44

0.91

r13

0.44

0.39

0.43

4.16

r14

0.34

0.46

0.52

1.73

r15

0.40

0.49

0.57

4.16

r16

0.43

0.49

0.45

6.59
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4.3.3 Model Validation

In this section, the performance of the simplified calibrated models is evaluated for predicting
the response of structure to two earthquake excitations that are different from the one used in
the calibration, or updating process.

The “measured/exact” response of the structure is

simulated using the detailed FE model of the structure discussed in Section 2.1. The
considered ground motion records for model validation are the transverse component of the
San Fernando 1971 earthquake recorded at Van Nuys station and the 360º component of the
Northridge 1994 earthquake recorded at Sylmar station. Both these records were actually used
in the shake table test of the shear wall specimen and the detailed FE model was tuned
manually to represent the measured data reasonably well.
Figure 4.8 plots the acceleration time histories of these two ground motion records reproduced
on the shake table (i.e., actual measured signals on the shake table). The peak ground
acceleration of the first record is smaller while that of the second record is larger than the
peak ground acceleration of the record used for model calibration.

Acc. [g]

San Fernando 1971 (Van Nuys)

0.2

Northridge 1994 (Sylmar)

0.6 (b)

(a

0

0

−0.2

−0.6
0

5

20
Time [sec]

30

0

10

20
Time [sec]

30

Fig. 4.8 Acceleration time histories of the two motions used for model validation, (a) San
Fernando 1971 recorded at Van Nuys station, and (b) Northridge 1994 recorded at Sylmar
station.
Figure 4.9 compares the predicted response using three calibrated models based on materials
1-3 and residual r7 with their corresponding exact response features. The left column
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compares the predicted response features for the San Fernando motion while the right column
represent predicted response features for the Northridge motion. The five horizontal subplots
from top to bottom present the roof acceleration, roof displacement, instantaneous natural
frequencies of the first two modes, and the dissipated hysteretic energy of the first story,
respectively. The acceleration and displacement plots are zoomed in the most nonlinear part
of response, which usually have the largest estimation errors. It can be observed that the
predicted displacements and accelerations for all three models and two earthquake motions
are in excellent agreement with the exact response. The computed instantaneous natural
frequencies are averaged over 0.5 s windows by passing the data through a moving average
filter of the order of 120 (half of the sampling frequency). Even though the considered
residual r7 does not include modal parameters, the natural frequencies of the first two modes
are in relatively good agreement with their exact counterparts for both earthquakes. However,
the match is slightly better for the weaker ground motion. For the stronger earthquake, the
calibrated model with Kent-Scott-Park material (Model 2) performs better than the other two
models. The first story hysteretic energy values are estimated by multiplication of shear force
(product of total acceleration with the corresponding nodal mass) and displacement. The plots
are smoothed by a moving average filter of order 100. Results shown in Figure 4.9 indicate
that none of the three models can predict the hysteretic energy time histories accurately. As
previously mentioned, this can be due to accumulation of prediction errors over a large
number of time instances.
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Fig. 4.9 Predicted structural responses to San Fernando (left column) and Northridge (right
column) earthquakes using three calibrated models with material models 1-3 and residual r7
4.4 Identification using the Unscented Kalman Filter
In this section, two different simplified models of the structure are formulated in state-space
and the Unscented Kalman filter (UKF) is used for nonlinear identification. The state-space
models correspond to a 7-DOF shear building model and a 14-DOF cantilever beam-column.
Similar to the FE models, the elements of the state-space models are divided into three
substructures: first story, second story, and upper stories. The nonlinearity is assumed to be
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concentrated at the first two stories and the upper stories are modeled as linear components.
Bouc-Wen hysteretic material model is considered for the first and second story stories. The
Bouc-Wen model proved to be inaccurate and unstable for FE model calibration in the
previous section, which mostly pertained to an offline updating process. Nonetheless, when
combined with the filtering approach instability may be prevented due to the online feedback
from measurement residuals. In addition, this material model has a convenient analytical form
suitable

for

application

by adaptive

methods

for

nonlinear

state-space

models

calibration/identification. The assigned lumped masses at the nodes are the same as those used
in the FE models and the elastic stiffness values of the substructures are updated to match the
identified modal parameters at the initial low amplitude parts of the excitation before running
the filter for calibrating the nonlinear models. Table 4.7 compares the identified modal
parameters and those of the state-space models after initial stiffness calibration. It can be seen
that the cantilever model provides a significantly improved match to the measured response.

Table 4.7 Natural frequencies / MAC of calibrated linear state-space models compared with
identified data
Mode 1
Mode 2
Mode 3
Identified
1.88 / 9.34 / 23.09 / Cantilever
1.82 / 1.00 9.36 / 0.99 23.09 / 0.99
Shear-Building 1.48 / 0.67 11.16 / 0.33 22.38 / 0.32
The simulated nonlinear response of the structures for the Woodland Hills earthquake is
considered as the reference measurement. The UKF is used for nonlinear identification based
on three cases of available measurements: (1) acceleration response at all floors, (2)
acceleration at all floors and displacement at the 2nd floor, and (3) acceleration at all floors
and displacements at 2nd and 7th floors. The parameters of Bouc-Wen model are updated at
each time step based on the measurement feedbacks.
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Figures 10 and 11 represent the predicted acceleration and displacement responses at floors 1,
3, 5, and 7 by the UKF for the cantilever beam and shear building models, respectively. From
this figure, it can be seen that, the cantilever model can accurately match the acceleration
data. It is worth noting that in a parameter identification problem, the ideal identification
results will be obtained when the employed model is truly capable of reproducing structural
response. However, this is not the case for the implemented model herein, since a reduced
order approximation is sought. For this reason, the filter needs to have acceleration feedback
from all the structural DOFs for a better performance. It is also obvious that partial
displacement feedback is also beneficial. Fusion of displacement time histories into the
observations is known to facilitate parameter convergence in cases of significant presence of
noise or, in this case, modeling errors [29]. In this case as well, for the cantilever model the
displacements at all floors are estimated accurately when only limited displacement data is
used in the identification. From Figure 4.10 it can be observed that the displacements
estimates are nearly equal to the simulated response of the structure in all stories especially
for the third case. Accurate estimates of the floor displacements in structures can be used for
damage detection [46], which often cannot be estimated accurately from the acceleration data
due to numerical errors in the integration process and noisy measurements. From Figure 4.11,
it can be observed that the calibrated shear model provide significantly larger response
prediction errors compared to the cantilever model. Addition of displacement data will
slightly improve the displacement prediction of the model in some floors but drastically
degrades the acceleration predictions. This observation highlights the inability of this model
to match all the states of the structure consistently and existence of large modeling errors. The

120

0.5 7t
0

0.1

−0.5

−0.1

0.4 5t
0
−0.4

Displacement [m]

Acceleration [g]

7t

0

Simulated
Calibrated Model (acc.)
Calibrated Model (acc. and disp. 2nd)
nd

0.3 3r
0

Calibrated Model (acc. and disp. 2

th

&7 )

−0.3

0.06
0
−0.06

5t

0.04

3r

0
−0.04
0.01

0.26 1st
0

1st

0

−0.26

−0.01

0

5

10

15

20

25

0

5

Time [sec]

10

15

20

25

Time [sec]

Fig. 4.10 Predicted acceleration and displacement responses of the cantilever model calibrated
using the UKF based on either seven acceleration, seven acceleration and one displacement,
or seven acceleration and two displacement channels of data
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Fig. 4. 11 Predicted acceleration and displacement responses at different floor levels of shear
building model calibrated using the UKF based on either seven acceleration, seven
acceleration and one displacement, or seven acceleration and two displacement channels of
data.
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discussion above also highlights the importance of underlying modeling assumptions in the
process of identification.

4.5 Conclusions

Simplified nonlinear FE models and state-space models of a seven-story shear wall structure
are identified using the simulated response of the structure to a historic earthquake ground
motion delivered via a detailed and calibrated FE model. The parameters of the detailed FE
model based on the information from the geometry and material properties of the structure
were calibrated such that the response of the model matches the recorded response from the
structure during certain seismic base excitation tests on a shake table [47]. The role of two
important factors on the performance of the identified/calibrated models is studied, which are:
(1) modeling errors, and (2) data features used in identification. Effects of modeling errors are
studied by considering two modeling assumptions (cantilever and shear building model) and
four types of material hysteretic models. It is observed that the shear building model for the
considered structure will provide significantly larger identification errors than the cantilever
model. In the FE model updating process, it was also observed that the three physics-based
hysteretic material models (Popovics-Pinto, Kent-Pinto, and Yassin-Pinto) provided good
match to the simulated response while the phenomenological Bouc-Wen model provided large
prediction errors. The identified models are validated by predicting the structural response for
two earthquakes that are different from the record used in the model calibration. Among the
first three models, the Kent-Pinto model provided the best response prediction during the
validation process. Sixteen alternative residual measures based on four types of measured
response features (modal parameters, displacements, accelerations, and hysteretic energy) and
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their combinations are employed and cross-assessed for model calibration. It is found that, in
general, use of acceleration and displacement responses, or their combination with modal data
provides the best overall match between the calibrated models and simulated data. On the
other hand, use of energy data alone results in large estimation errors for the calibrated
models. The Unscented Kalman filter is also used for nonlinear identification of the structure
modeled in the state-space form. Two state-space models with cantilever and shear building
assumptions are formulated. The parameters of Bouc-Wen materials for each model are
updated at each time step based on different types of measurements (acceleration and
displacement). It is observed that the calibrated cantilever model provides consistently more
accurate response predictions than the shear model, which is in agreement with the observed
results in the model updating process. Addition of displacement data in the identification
process improves the displacement prediction of the cantilever model while it worsens the
acceleration prediction of the shear model. Therefore, in presence of large modeling errors
(e.g., shear model assumption here) fusion of data in the identification process cannot
improve the results. To the contrary, when the choice of forward model is appropriate
inclusion of heterogeneous information, i.e., both displacement and acceleration records,
proves beneficial. The UKF serves the purpose of conducting identification and tracking of
the system at hand in an online manner which can be complementary to offline calibration
approaches. As such, a better utilization of the tool could be to first define a suitable model of
the system using some offline approach (e.g., calibrating models of structure deterministically
or probabilistically using sets of recorded data) and in a second stage updating the parameters
of such a suitable model via the UKF. As a further option, when the system model has been
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identified, the UKF can be employed as a state estimator in the case where the system
operates under a limited observation assumption (fewer sensors).
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Chapter 5
Probabilistic Nonlinear Model Calibration of a Shear Wall Structure for
Robust Response Prediction

5.1 Introduction
Different structural identification approaches have been introduced in the literature for
structural health monitoring of civil structures with emphasis on damage identification and
response prediction. The finite element (FE) model updating is one of these approaches that
has received increased attention in recent years. FE models are commonly used for modeling
of the civil structural systems and make use of the available information about the physics
(geometry and material behavior) of structures, which can significantly mitigate the modeling
error and uncertainty in the identification process [1, 2]. The use of FE model updating has
been mostly restricted to linear model updating for damage identification in structures using
the low amplitude data from before and after a damaging event such as an earthquake [3-4].
However, the linear FE models cannot be used reliably for predicting the nonlinear response
of the structures and identifying damage measures that are only observable during high
amplitude displacements. Nonlinear FE model updating can address these shortcomings. One
of the main challenges in the application of nonlinear FE model updating is the large
computational cost of solving the inverse problem. The situation can remarkably aggravate as
the number of updating parameters increases and the nonlinear FE model becomes more
complex. Therefore, accurate but less expensive models are required for reliable response
prediction under moderate to high amplitude excitations and damage identification in
structures [5-6].
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Based on the information from the geometry and material behavior of the structure proper
parsimonious nonlinear FE models can be designed that are able to closely estimate the
behavior of the structure in the time and frequency domains with affordable computational
costs. A common approach for this purpose is assigning suitable hysteretic material behaviors,
capable of representing the behavior of material in different structural components [7, 8].
Considering nonlinearity in the models increases their complicacy and decrease identifiability
of parameters of models especially when deterministic approaches are used for identification.
Using more information from the structure and its responses can enforce more constraints on
the model and contribute to identifying more accurate models that can get close to the
behavior of real-world structure in many aspects. However, the available information from
data is usually not adequate for finding a unique solution easily, making the inverse problem
ill-conditioned. Thus, advanced computational tools are required for reliable parameter
estimation. In this respect, deterministic optimization methods are highly disposed to being
trapped in local minima or over fitting the model in one specific aspect, while they fail to give
sufficient information on the level of uncertainty of the identified model. On the other hand,
the probabilistic approaches such as Bayesian model updating provide a framework to solve
ill-conditioned problems and provide measures of estimation uncertainty for updating
parameters [9-12].
In this study, a probabilistic nonlinear model updating approach is implemented to calibrate
nonlinear FE models of a 7-story shear wall structure using different combinations of time
and frequency data features. The FE models are very simple to provide computational
efficiency during the updating process but at the same time they are able to match the
nonlinear behavior of the real-world structure reasonable well. The calibrated models are used
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for robust response prediction where the response of the structure is predicted
probabilistically. The model calibration is performed using numerically simulated as well as
experimentally measured data. In the numerical study, the response of the test structure is
simulated using a manually calibrated detailed FE model, and then the performance of the
updating framework is evaluated for response prediction. In the probabilistic updating
framework, the posterior distributions of updating parameters provide a measure for
quantifying the identification uncertainties. These probability distributions can also be used
for probabilistic response prediction by including all possible model parameters weighted by
their posterior probabilities instead of a single model [13]. In this paper, the response of the
structure is estimated probabilistically with confidence/tolerance intervals and the results are
compared with the actual simulated or measured response. The effects of using different data
features on updating results are studied and it is shown that the probabilistic framework can
provide a more robust framework in the presence of modeling/measurement error and data
insufficiency. Finally, the calibrated models are validated for predicting the responses of the
structure to excitations other than the ones used for model calibration. The performances of
the probabilistic models are compared with their deterministic counterparts that are calibrated
by simulated annealing (SA) global optimization method.
The work presented herein is formulated as follows. Section 2 briefly describes the test
structure, the detailed FE models used for the response simulation, and the simplified FE
models applied for identification. Section 3 reviews the model updating process and the
applied identification methods. Section 4 presents the model updating and model validation
results for the numerical case study. The results of applying the probabilistic model
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calibration approach on the real test structure are shown in section 5. Finally, Section 6
highlights the major conclusions from this research.

5.2 Test Structure and FE Models
5.2.1 Test Structure and detailed FE model
A full scale 7-story reinforced concrete shear wall structure, shown in Figure 5.1(a), is
considered as the numerical and experimental case study. The shear wall structure is
composed of the following components: a web wall for resisting the lateral loads, a flange
wall for transverse stability, a post-tensioned column for torsional stability, and four gravity
columns for supporting the weight of the floor slabs. The structure was tested by base
excitations of increasing intensities on the shake table of the University of California at San
Diego (UCSD) in 2006. It is worth noting that this structure was also the subject of two
previous studies by the authors for instantaneous modal identification and deterministic
nonlinear model calibration [14]. More details about the structure, its instrumentation, and the
performed dynamic tests can be found in [15]. The test structure was subjected to different
earthquake excitations of increasing intensities. The test records specifically used in this
research are three historic earthquakes, namely: (1) the transverse component of the San
Fernando 1971 earthquake recorded at Van Nuys station, (2) the longitudinal component of
the 1994 Northridge earthquake recorded at Woodland Hills Oxnard Boulevard (WHOX)
station, and (3) the 360º component of the Northridge 1994 earthquake recorded at Sylmar
station. Figure 5.2 shows the recorded accelerations at the shake table level during these tests
and the recorded acceleration data at the roof level of the structure.
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(a)

(b)
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f1=1.88 Hz
(c)

f2=9.45

f2=9.34 Hz

(d)

Fig. 5.1 (a) Seven-story test structure, (b) first two identified translational modes of structure
(top) and first two translational modes of the detailed FE model (bottom), (c) detailed FE
model used for response simulation, and (d) cross section of the web wall element of the first
story in the FE model and the material models assigned to its fibers.

133

0

0

−0.2

−0.5

Acceleration [g]

Acceleration [g]

0.5

San Fernando 1971

0.2

Northridge 1994, WHOX

0.3

0.6

0

0

−0.3

−0.6
0

10

0.6

20

30

40

50

0

10

20

30

40

50

0.8

Northridge 1994, Sylmar

0

0

−0.6

−0.8
0

10

20
Time [sec]

30

40

0

10

20
Time [sec]

30

40

Fig. 5.2 Recorded base excitations at the shake table level (left), and recorded roof
accelerations (right) for three tests by historic earthquakes
In addition to the measured data from the test structure, simulated data from a detailed FE
model is used for numerical evaluation of the probabilistic model calibration and response
prediction. The detailed nonlinear FE model consists of 509 nodes, 198 elastic beam-column
elements, 35 nonlinear beam-column elements with fiber cross-sections, and 315 linear elastic
shell elements and was developed in OpenSees [16] – based on the knowledge from the
geometry and material properties of the test structure – and calibrated manually to closely
match the measured response and identified modal parameters of the test structure. The
Giuffre-Menegotto-Pinto [17] and Popovics [18] material models are used for represent the
nonlinear behavior of reinforcing steel bars and concrete materials in the structure and are
assigned to the fibers of nonlinear beam-column fiber elements to define the uniaxial stressstrain relations. In the FE model, the web walls are modeled using four beam-column
elements connected in series per story, and each beam-column fiber element is discretized
into four fiber-sections (connected through Gauss-Lobatto integration points) each containing
multiple uniaxial fibers. The flange walls are modeled by a single beam-column element per
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story, in which four integration points are defined for each element. To improve the efficiency
of the FE model, other parts of the structure are assumed to have linear elastic behavior and
are modeled using elastic beam-column elements and linear elastic shell elements. A 2.5%
Rayleigh damping ratio is considered at the first and second translational modal frequencies
of the model.

5.2.2 Simplified FE Models Used for Calibration
A single dynamic analysis run of the detailed nonlinear FE model can take up to three days on
a computer with a dual core 2GHz CPU and 6GB RAM. Obviously this model cannot be used
for calibration by deterministic or probabilistic methods that need thousands of forward
simulation runs for reaching a proper optimal solution. Therefore, simplified/parsimonious
models are required that are simple enough for efficient model calibration process and still
have sufficient sophistication to be able to mimic the behavior of the structure. A simplified
FE model of the structure is developed based on the information from the geometry and
material behavior. The simplified model is composed of lumped masses connected to each
other with nonlinear beam-column fiber-section elements, i.e., a cantilever model. In a
previous research on the 7-story structure [19] it was observed that the structure is behaving
more like a cantilever beam-column than a shear building. Confining the rotational degrees of
freedoms (DOFs) at model’s masses would yield large deviations from the recorded data,
including modal parameters and time responses. Therefore, a model with free rotations at
masses, i.e. cantilever beam-column model, is used. A parallel hysteretic material model is
constructed based on the knowledge from the nonlinear behavior of the material in the
structure. The material model is generated by putting in parallel the Yassin concrete model
[20] with Giuffre-Menegotto-Pinto steel material model (Figure 5.3b, and 5.3c), which
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generates a hysteretic behavior similar to reinforced concrete sections. The designed model is
assigned to the fiber sections at nonlinear beam-column elements to define the uniaxial stressstrain relations in the fibers. In the Yassin material model (Figure 5.3c), εc/σc and εu/σu are the
strain/stress at compressive strength and crushing points respectively, σt is the ultimate
tension strength, λ defines the unloading slope at compressive part, Ec and Et are the stiffness
(Young’s modulus) under compression and stiffness after tension yield point. The Es, b, and
Fy in the Pinto material model are the initial stiffness, post-yield to initial stiffness ratio, and
steel yield stress respectively. The sections in nonlinear beam-column elements of the
simplified models are discretized into 60 fibers with 2 fibers in lateral direction and 30 fibers
in longitudinal (shaking) direction. The fiber sections are connected by five integration points
along each element. The lumped masses in the model are estimated from the structure and are
assigned to the nodes, the dimensions of the beam-column element are the same as the web
wall dimensions, and the heights of the stories are the same as it is in the real test structure. A
2.5% Rayleigh damping ratio is considered at the first and second translational modal
frequencies of the model, similar to the detailed FE model. The model was designed to be
very simple for computational efficiency in the generally time consuming model
updating/identification process. The parameter α (Figure 5.3c) defines the relative share of
concrete compared to steel in the total linear stiffness of the fibers in each element. The more
an element behaves like pure concrete, the closer the value of α becomes to one. It is desired
that the produced simple physics-based model can properly match the behavior of the
structure and be able to predict its response after calibration.

136

(a)

Concrete hysteretic
Steel hysteretic
Substructure 3
(c)

Yassin concrete model

λΕc

σt 1

1

1

bΕs

Εt

σu
Substructure 2
Substructure 1

εu

1

1

σc

Εc=2σc/εc
εc

Εs

Fy

Giuffre-Menegotto-Pinto
steel model

1
Ε=αΕc + (1−α) Εs

Fig. 5.3 (a) Simple model with nonlinear beam-column fiber elements, (b) generated parallel
material model by combining selected hysteretic models for steel and concrete, (c) considered
hysteretic models for generating the parallel material model
5.3 Model Calibration Process
This section describes the model calibration process for the simplified nonlinear FE model.
After developing suitable nonlinear models of the structure, the models should be calibrated
based on the recorded data so that they can be used reliably afterwards for purposes such as
response prediction and damage identification. The level of complexity in nonlinear models is
significantly higher than their linear counterparts due to more number of parameters and more
complicated formulation of dynamic analysis. The parameters of these models can be
identified deterministically by global optimization methods that can escape the local minima
or probabilistically using methods such as Bayesian model updating. Even if the deterministic
approach can find a model with sufficiently close response to the recorded data, it cannot
provide any information about the estimation uncertainty of updating parameters or whether
there are other models with similar responses due to ill-conditioning and unidentifiability
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problems [21]. The probabilistic framework provides quantitative measures for the estimation
uncertainty of updating parameters and the accuracy of model. This can lead to more robust
identifications that are better protected against modeling/measurements errors. In this research
the simplified models are updated probabilistically in a Bayesian framework and also
deterministically using a global optimization method (simulated annealing) and the
performance of the methods for model calibration and response prediction are evaluated and
compared to each other.
Three combinations of data features are used in this research for model calibration: 1)
acceleration responses of all floors in the direction of shaking, 2) extracted instantaneous
modal parameters of the first two translational modes, 3) and combination of the first two data
features, all at some subjectively selected points through response. The updating process is
performed in two steps. In the first step, the initial linear stiffnesses (Young’s modulus) of the
nonlinear material models in each substructure are calibrated by matching the first two
translational modal parameters of the models to the identified values at the beginning of the
excitation with low amplitude responses. Note that the structure is expected to behave linearly
during the low amplitude excitations. In the second step, parameters of the hysteretic material
models are calibrated by minimizing the difference between model and data features at
selected points along the nonlinear response time histories. As shown in Figure 5.3a, three
substructures are considered along the height of the wall structure. In each substructure, five
parameters (total of 15 parameters) are being updated in the second step, namely: α, σc, εu, Fy,
and b (Figure 5.3). The rest of the parameters in the material models are kept constant at
reasonable values. The deterministic and probabilistic model updating approaches are briefly
described in continue.
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5.3.1 Deterministic Approach for Model Updating
In the deterministic approach, parameters of the considered material models in the simplified
FE models are calibrated by a global optimization method so that the discrepancy between
selected response features of the model and their measured counterparts is minimized. The
objective function, presented in Equation 1, is defined as the weighted sum of the squared
response residuals (data features differences).
Nt

Nt

t =1

t =1

G (θ ) = ∑ g t (θ ) = ∑ rt (θ )T Wt rt (θ );

(1)

In this equation, θ represents the parameters of the model to be identified, rt is the calculated
residual vector at time t, Wt is the diagonal weight matrix that is assumed to be equal to the
identity matrix in this study (i.e., different residuals at different time instances have the same
importance), and Nt is the number of considered time instances during which the residuals are
calculated. The residuals (floor accelerations and modal frequencies) in Equation 1 are made
dimensionless by dividing each residual vector component at different time instances by the
maximum absolute value of the recorded value of that component in all time instances as
shown in Equation 2.

rt (θ) =

ytm − yts
max y s

(2)

In Equation 2, yt represents the response at time t, and m and s superscripts indicate the model
and measured responses, respectively. The mode shape residuals are defined as the difference
between the normalized mode shapes of the model and the identified ones. The residuals are
also divided by their vector length at each moment so that different types of residuals have
equal effects in the objective function, e.g., if mode shape residuals are used they are divided
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by 14 since two mode shapes are used and each mode shape has seven components, and
acceleration response residuals are divided by seven since seven floor accelerations at each
moment are used in the objective function.
The optimization is performed through Simulated Annealing (SA) [22] which is a global
optimization method based on Markov chain Monte Carlo (MCMC) sampling technique. The
SA algorithm is based on the annealing idea in metallurgy which is a technique for heating
and controlled cooling of materials to increase the size of crystals. Since the optimization
process is based on the MCMC method, the points with higher objective function values are
not discarded necessarily and the optimization algorithm may keep them by a specified
probability in each step. This decreases the possibility of being trapped in the local minima
and helps to find the global optimum solution. The temperature T in Equation 3, which
depends on the step number in the optimization process and the considered initial temperature
To, affects the spread of sampling (by sampling distribution) and the probability of
acceptation/rejection (Equation 4). In this study, the SA optimization toolbox in MATLAB is
used.
T = To × 0.95n

p=

(3)

1
1+ e

(4)

∆
T

In Equation 4, p represents the probability of acceptance of the new sample, ∆ represents the
change in the objective function value (Equation 1) in each step, and T is the temperature that
decreases under an exponential regime with n as the step number in the optimization.
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5.3.2 Probabilistic Approach for Model Updating
The deterministic approach provides the optimal updating parameters to minimize the
objective function. However, in real-world structures there are often a set of models with
different parameters that provide (close to) optimal match with the data. The probabilistic
approach can provide the high posterior probability range of updating parameters in addition
to the most probable model. The posterior distributions are calculated from the likelihood
function which is similar the objective function in the deterministic case and the prior
distributions as shown in Equation 5. Equation 6 shows the error term between measured data
and their model predicted counterparts. Based on the principle of maximum entropy [13, 23]
the error terms can be assumed as independent Gaussian white noise random processes and
therefore the likelihood function is formulated as multivariable Gaussian distribution with
diagonal covariance matrix (Equation 7).
p (θ | y , u , M ) ∝ p ( y | θ , u , M ) × p (θ | M )

(5)

r (t ) = y (t ) − f (u , θ , t ) = ε (t )

(6)

p ( y | θ, u , M ) =

1
(2π ) det( Σ )
N

e

1
− r ′Σ −1r
2

(7)

In the above equations the p (θ | y , u , M ) represents the posteriori probability density function
(PDF) that is proportional to likelihood PDF p ( y | θ , u , M ) times the priori believes on
parameters of model determined by p (θ | M ) , in which y, u, and M indicate the structure
response, input, and model class, respectively. N in Equation 7 is the size of the residual
vector r considered in the probabilistic model. The residual vector is defined as the difference
between deterministic model’s response and recorded one, and Σ is a diagonal N-by-N matrix
(i.e., residuals are assumed to be independent) that contains the variances at each residual. In
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this research one variance parameter for each type of residuals (at all time instances) will be
updated in the Bayesian framework for the probabilistic model. The residual variances can be
considered as measures of modeling and measurement errors specifically determined by the
Gaussian random process ε(t). Since in the structural identification the modeling errors are
usually significantly larger than the measurement errors, the ε(t) can be attributed to the
modeling error.
One of the main challenges in the application of Bayesian model updating is estimation of the
posterior PDF of updating parameters. The posteriori density function (Equation 5) is usually
unscaled and in many cases it represents a complex unidentifiable [21] manifold that cannot
be directly represented by analytic formulations. This is usually achieved through stochastic
simulation methods such as Markov Chain Monte Carlo (MCMC) simulation. The
Metropolis-Hastings (MH) algorithm [24] is a type of MCMC method for finding samples
from a probability distribution. In the MH algorithm new samples are generated in each step
based on a subjectively defined PDF called proposal density function. The new sample will be
accepted or rejected in each step by a probability determined by the posteriori and proposal
densities values at the old and new samples. The distribution of the Markov Chain samples
obtained by MH algorithm will asymptotically converge to the posteriori probability function
as the sample size increases (i.e., stationary probability distribution in Markov chain process).
To tackle the identifiability issues of complex manifolds in nonlinear problems, which make
finding the parameter spaces with highest probabilities significantly difficult, [25] suggested a
modified version of the MCMC method based on the MH algorithm named transitional
Markov Chain Monte Carlo (TMCMC). The TMCMC method is based on the annealing idea
and is inspired from the SA optimization method. In the TMCMC the variance of the error
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(Equation 6) is initially increased by a factor (highest temperature To) and gradually the factor
is decreased toward one in each step. The samples in each step are used for generating a
sampling proposal density for the next step. The proposal densities are generated using the
samples obtained from resampling the samples obtained from the previous step based on the
weights that are functions of the temperatures in next and current steps (i.e., sampling
importance resampling). The next step temperatures are determined using a threshold
parameter that limits the spread of weights in consecutive steps. A key factor in TMCMC
(similar to SA) is the defined cooling regime. The slower the temperature cools down the
parameter space will be explored more thoroughly but the method can get significantly more
expensive – the higher the threshold is the faster the temperature decreases and vice versa. For
this research the threshold parameter is tied to the step number in which TMCMC is in, and is
gradually increased in an exponential regime, from a lowest threshold to a maximum value.
This means that the temperature initially decreases slowly, and as the step number increases,
higher thresholds allow for faster cooling. Therefore, the likelihood function (Equation 7) will
be more spread (higher error variance) at the beginning and the posteriori distribution will
represent a more uniform manifold – which allows for more thorough exploration of the
manifold – and as it proceeds toward the real complex manifold by decrease in the
temperature the threshold increases and allows for faster cooling. This step played a crucial
role in the current research for successful generation of posterior samples due to small
numbers of prior samples used in each step relative to the large dimension of sampling space
that define a complicated manifold. The TMCMC algorithm is briefly described in what
follows.
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Step1: Generate k initial samples {θ0,1 ,…,θ0,k} from the prior distribution and repeat the
next two steps.
Step

2:

Choose

mj+1

w(θ j ,k ) = p(y | θ j ,k , u, M )

in

m j+1 −m j

step

j

such

that

the

k

importance

weights

(k: 1 … k) meets the specified threshold in step j.

Step 3: Resample based on the importance weights, and use the generated new samples as
centers for proposal distributions in step j, generate k new samples, and follow the MH
algorithm to obtain the new samples for the next step.
In this research the uniform prior and proposal distributions are applied for the Bayesian
model updating by the TMCMC method. The prior distributions of parameters of the
deterministic model are exactly the same intervals that have been used for deterministic
identification by the SA optimization. One of the benefits of Bayesian model updating is that
the priors can be used to enforce regularization on the parameters of the model, which in this
case is not considered and uniform priors are used. The multivariable proposal distribution is
calculated as the multiplication of uniform proposals of parameters of the model (parameters
are assumed to be independent), and the radius of uniform proposal distribution of each
parameter is determined in each step as a coefficient of standard deviation of that parameter
obtained from the generated samples at the previous step. In this study 1000 prior samples are
used in each step by the TMCMC to generate 1000 new samples for the next step.

Robust Response Prediction
The obtained posterior samples of model parameters can be used for robust response
prediction in probabilistic framework [13]. Using the total probability theorem, responses at
each moment can be estimated probabilistically by integrating over the probabilities of
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responses of posterior models using the posteriori distribution of the model parameters
(Equation 8).

p(y | u, M ) = ∫ p(y | u, θ, M ) p(θ | y, u, M )dθ

(8)

The above integral can be approximated by the stochastic simulation using the available
posterior samples of updating model parameters (Equation 9).

p ( y | u, M ) ≈

1
N

N

∑ p ( y | u, θ

(k )

(9)

,M)

k =1

The obtained probability distributions are then used for robust prediction of the structural
response. The p ( y | u , θ ( k ) , M ) probabilistic models of responses are obtained by fitting a
Gaussian distribution to the deterministic models responses using the estimated variances of
the error terms ε(t) in Equation 6. Therefore, Equation 9 will represent a Gaussian mixture
model for response values at each moment. This model is then used for estimating the 95%
confidence intervals of response through robust predictions. It is worth noting that in this
study only one model class M is considered but in the general case, the response could be also
integrated (summed) over different model classes.

5.4 Updating Results for the Numerical Case Study
In this section the proposed probabilistic model calibration framework is applied for updating
18 parameters (3 linear + 15 nonlinear) of the simplified model (Figure 5.3) based on the
simulated response of the structure using the detailed nonlinear FE model discussed in 5.2.1.
The data used for model updating are the input excitation and response of the detailed FE
model during the longitudinal component of the1994 Northridge earthquake recorded at
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Woodland Hills Oxnard Boulevard (WHOX) station. At the first step of the proposed
framework, linear parameters of the model are calibrated.

5.4.1 Calibrating the Linear Model Parameters
In this step, the initial stiffness values at the three substructures are identified
deterministically and probabilistically by matching the modal parameters of the first two
modes to those identified at the beginning (low amplitude) part of response. Table 5.1
represents the linear model identification results by the SA optimization method and
mean/standard deviations of the estimations using the Bayesian model updating. It should be
mentioned that to improve the computational efficiency, the initial point in the SA
optimization process is taken as a point close to the maximum a posteriori (MAP) estimates
by the Bayesian model updating.

Table 5.1 Linear model updating results for the deterministic (optimum) and probabilistic
(mean/standard deviation) approaches
Updated stiffness (K )
[Kips]

Natural
frequencies [Hz]

MAC*

Cost function

Substr
1

Substr 2

Subs
tr 3

Mode 1
f1=1.88

Mode 2
f2=9.34

Mode 1

Mode 2

ffrq

fmod

Det.

237

1140

111

1.85

9.42

0.996

0.993

4e-4

6e-5

Prob.

244/
36

1192/
82

113/
12

1.85/
0.02

9.49/
0.11

0.995/
1e-3

0.991/
1e-2

7e-4/
5e-4

7e-5/
2e-5

*

MAC stands for modal assurance criteria
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Fig. 5.4 Posteriori distributions of initial stiffness parameters of the linear probabilistic model
(K refers to stiffness; σfrq and σmod are updated standard deviations of frequencies and mode
shapes). The vertical lines indicate the deterministic optimization results.
From Figure 5.4 and Table 5.1 it can be observed that the deterministic results closely match
the MAP estimates of the initial stiffness parameters from the Bayesian model updating. The
stiffnesses of the first and upper stories are obtained with higher accuracy and more certainty,
while the second story stiffness shows the largest uncertainty. The smaller value of the cost
function for the mode shapes in comparison to the frequencies is also reflected in the
distribution of standard deviations.

5.4.2 Calibrating the Nonlinear Model Parameters
After the first step, the stiffness values of the simplified model are set to the optimized values
by the SA, and the nonlinear parameters of the model are updated subsequently. For nonlinear
model updating five parameters in each substructure are being updated, namely: α, σc, εu, Fy,
and b. Other parameters of the nonlinear model are kept constant at selected values. The
parameter α determines the share of concrete materials in the parallel model for each
substructure. If a substructure is behaving more like concrete, the value of α is will be closer
to one. In this case the substructure will have larger deformations in tension similar to cracked
concrete. It has been observed that a higher value of α can be an approximate indicator of
damage. This can be justified by the fact that the level of nonlinearity can be correlated to
damage. Also, for a more nonlinear or damaged element, lower values for some or all of the
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σc, εu, Fy, and b parameters are expected. However, since these models are inevitably overparametrized and ill-conditioned, the values of nonlinear model parameters cannot accurately
reflect its condition. But, at least to some extent these expectations can come true if sufficient
information is provided by the data, and this will be helpful for interpreting condition of the
structure.
The three mentioned types of data features (accelerations, instantaneous modal parameters,
and combined) are used for nonlinear model updating. It should be noted that in the numerical
case study, that the average of instantaneous modal parameters over the considered windows
are computed using the detailed FE model instead of performing time-varying system
identification. This is done to eliminate the system identification errors in this case and only
focus on the effects of modeling errors. The time and frequency data features from 24 selected
points through the response (Figure 5.5) are applied for calculating the residuals and used in
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the cost functions and likelihood probability functions (Equation 1 and Equation 7).
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Fig. 5.5 Simulated data by the detailed FE model, (a) roof displacement (top) and roof
acceleration (bottom) responses, and (b) instantaneous frequencies of the first (top) and
second (bottom) translational modes. The vertical lines indicate the points selected for
extracting the data features.
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The 24 points are selected from at time instances with local displacement peaks (Figure
5.5(a)), which include more information about the nonlinear behavior of the structure. In
continue the updating results for the applied groups of data features are indicated by r1
(acceleration), r2 (modal parameters), and r3 (combined).
Figure 5.6 presents the identified nonlinear model parameters when using different data
features. The probability density functions in the figure are obtained by matching Gaussian
kernel densities to the posterior samples, and the vertical lines represent the deterministically
identified values by the SA method. From the figure it can be observed that 1) in the case of
using r1 and r2 residuals for model updating large uncertainties exist in parameter estimations
and the optimal deterministic values do not match the MAP estimates in the Bayesian
updating, 2) using the frequency data imposes stricter constraints on the parameters of the
model and reduces the estimation uncertainty of identified updating parameters, 3) adding
more information in r3 residuals has resulted in remarkably better match between the MAP
estimates in Bayesian model updating and SA results, 4) the updated models with r3 residuals
properly identify and quantify the level of nonlinearity (and possibility of damage) in different
substructures, while using just the acceleration or frequency data fails to do so. For the case of
using r3 residuals, it can be observed that the identified parameter α has higher values in the
first story and it is decreasing for the second and upper stories. This indicates that more
concrete type of behavior exists in the lower stories and more steel (or linear) type of behavior
in which the elements can resist tension occurs at the upper levels. Also, the identified values
for the parameters σ, εu, and b increase monotonically from the first to upper stories, which
indicate more nonlinearity in the lower stories. The higher value for parameter Fy in the lower
stories can be interpreted by the fact that the concrete model does not have considerable
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tension strength and the steel needs to somehow compensate for this effect; Also, since upper
stories experience less nonlinearity and strain in fibers, higher values of Fy are not observable
in these stories. Overall, the Bayesian model updating has provided more comprehensive
information for the identification of model parameters. Also, more data features can provide a
more accurate representation of the structural component behavior, which makes it
specifically useful for response prediction and potentially damage identification. It should be
noted that the identified values for the modeling parameters represent the effective properties
of the simplified model and often compensate for different sources of modeling errors such as
model simplifications. Therefore, these parameters can deviate from the common physical
ranges of the material they represent (steel and concrete here).
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Fig. 5.6 The posterior PDFs of updating parameters together with optimal deterministic
values (vertical lines) for three types of residuals.
Figures 7 and 8 compare the time histories and instantaneous frequencies (at 24 selected
points) of the updated models with the exact values from the detailed FE model. While the
deterministic model updated by SA can closely match the acceleration and frequency data
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151

Updated by r1

Acceleration [g]

Fig. 5.7 Comparison of the instantaneous modal frequencies of the calibrated models (SA:
deterministic, BCI: probabilistic, 95% confidence interval) and the exact values for the first
two transitional modes and use of different data features.
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(specifically when these data features are directly used for updating), it does not provide any
measure of uncertainty. The confidence intervals, defined by the posterior samples of
modeling parameters, have provided a reliable criteria for response prediction. The type of
data feature used in the updating process has significant effects on the response prediction
uncertainties. The uncertainty in frequency response predictions when just the frequency data
is used for model updating is lower in comparison to the cases of using acceleration data.
From these figures and Table 5.2, it can be observed that inclusion of frequency data features
has resulted in more accurate identifications and smaller prediction uncertainties in the
acceleration response predictions. The values in the Table 5.2 are the sum of the squared
residuals (Equation 1) for each of the introduced residual types at the selected time instances.

Table 5.2 Prediction errors for the deterministic and probabilistic (MAP estimation error)
approaches using different data features (residuals)

Deterministic
Probabilistic

Acceleration Error
r1
r2
r3
2.2
3.9
2.3
4.0
4.0
2.8

Frequency Error
r1
r2
r3
1.1
0.6
0.7
0.29
0.27
0.7

Model Validation
The updated models are validated using the simulated response for two different earthquakes
applied on the test structure (different from the calibration record). The first record is selected
from the 1971 San Fernando earthquake and has a lower peak ground acceleration (PGA)
from the applied earthquake for model updating, while the second validation record is the
Sylmar record from the 1994 Northridge earthquake which is a near field earthquake with
larger PGA. Figures 9 and 10 compare the predicted response values (acceleration,
displacement and time-varying modal frequencies) from the calibrated models and those
simulated from the detailed FE model (exact). The predicted responses from the
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Fig. 5.10 Model validation for the 1994 Northridge earthquake, (a) roof (top) and second
floor (bottom) acceleration responses, (b) first (top) and second (bottom) instantaneous modal
frequencies.
probabilistically calibrated model are presented by the 95% confidence intervals. From these
figures it can be observed that the exact responses fall in the 95% confidence intervals except
for the second modal frequency in some instances. The deterministic model predictions are in
general close to the exact values; however, there is no measure of prediction uncertainties.
Overall, the updated probabilistic model can robustly estimate the response of the structure
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for different loading conditions. In Figures 9 and 10 the instantaneous values of the
frequencies filtered through a moving average filter of order 240 Hz to make them smooth
and visually comparable.

5.5 Updating Results for the Experimental Case Study
The recorded response of the test structure subjected to the 1994 Northridge earthquake
(WHOX) record on the shake table is used for experimental model calibration case study.
Similar to the numerical case study, the linear model parameters (initial stiffness values) are
calibrated in the first step by matching the identified modal parameters of the structure at low
amplitude part of response at the beginning of base excitation. The estimated stiffness values
are kept fixed in the second step and parameters of the nonlinear model are updated
deterministically and probabilistically.
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Fig. 5.11 Time and frequency response of the structure due to the 1994 Northridge (WHOX)
earthquake record, (a) time histories of roof displacement (top) and roof acceleration (bottom)
responses, and (b) identified instantaneous frequencies of the first (top) and second (bottom)
translational modes
Figure 5.11 represents the second floor and roof acceleration responses (the displacement data
was not recorded during the test at all levels) along with the identified modal frequencies of
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the first two translational modes. The instantaneous modal parameters are estimated using the
deterministic stochastic subspace identification (DSI) [26] method on windows of length 1.4
seconds. The length of the windows is chosen after trying different lengths and based on the
values of the first mode frequencies at different moments through the nonlinear response.
More information about the implemented windowed DSI method can be found in [14]. It
should be noted that the identified modal parameters in this case will have modal
identification errors while this error was removed from the model identification process in the
numerical case study in the previous section. Therefore, the error term in the Equation 6 will
also include the system identification errors. The data features from selected points (peaks of
accelerations) through the response are used for identification. In this case, the recorded
accelerations (at all floors) and extracted modal parameters from 27 selected points are used,
and only the third residual type (combined accelerations and frequencies data features) is used
in the deterministic and probabilistic model calibration.
Figure 5.12 plots the posterior PDF of updating parameters from the probabilistic framework
and their optimal counterparts from the deterministic approach, both based on r3 residuals.
The probability density functions are found by matching the Gaussian kernel density function
to the posterior samples. The deterministically determined values in this case are not
compatible with the MAP estimates. The large modeling and identification errors make the
multi-dimensional joint posterior PDF very complex with several manifolds of high
probability in the parameter space which in turn makes the sampling process very
challenging. A similar statement can be said about the complexity of the objective function
and capability of finding a global optimum. However, the posterior distributions can still
provide MAP estimates of modeling parameters and quantify their estimation uncertainties.
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From Figure 5.12, similar to the numerical case study it can be observed that the identified
parameter α is decreasing from the lower to upper stories, which indicates more contribution
of concrete material in the lower stories and more steel (or linear) type of behavior in the
upper levels. The identified values for the parameters σ, εu, and b decrease monotonically
from the first to upper stories, which indicate more nonlinearity in lower floors. The
probabilistically identified values properly signify the highly nonlinear concrete type behavior
in lower floors due to large deformations or crack openings, which can indicate structural
damage in these parts of the structure. These findings are confirmed in this case based on the
onsite observations before, during, and after the test [4].
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Fig. 5.12 The posterior PDF of nonlinear model parameters from probabilistic and the optimal
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Figure 5.13 compares the predicted response from calibrated models through the deterministic
approach, the probabilistic approach (shaded area represents the 95% confidence interval),
and the measurements. In this case, large modeling and modal identification errors affect the
model prediction accuracy. The deterministic model cannot match the second mode
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appropriately and yield large prediction errors. The probabilistic model provides large
uncertainties in predicting the frequency data which can be affected by large identification
errors. While the deterministically updated model by the SA cannot match the lower floor
acceleration data properly, the probabilistic model gives a proper measure of uncertainty on
the predicted response and can estimate the structure’s response with more accuracy (Table
3). Overall, the robust response prediction through the probabilistic model updating approach
provides more informative about the response predictions and is better suited for structural
performance assessment.
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Fig. 5.13 Comparison of predicted response from calibrated models through the deterministic
approach, the probabilistic approach (shaded area represents the 95% confidence interval),
and the measurements (a) time histories of second floor (top) and roof acceleration (bottom)
responses, and (b) identified instantaneous frequencies of the first (top) and second (bottom)
modes
Table 5.3 Prediction errors for the deterministic and probabilistic (MAP estimation error)
approaches

Deterministic
Probabilistic

Acceleration
Error
r3
10.0
10.7
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Frequency
Error
r3
10.1
8.1

5.6 Conclusions
A probabilistic nonlinear FE modeling approach is presented for model calibration and robust
response prediction of civil structures. The probabilistic model updating is performed through
a Bayesian framework and the posterior probability distributions of the updating parameters
are estimated through the TMCMC stochastic simulation method. The performance of the
proposed framework is evaluated on the numerically simulated as well as experimentally
measured response of a seven-story shear wall structure subjected to a series of earthquakes
on a shake table. The predicted response of the probabilistically calibrated model is compared
to that of a deterministically calibrated and the measurements.
It is shown that probabilistically calibrated models can provide robust prediction of the
response by providing confidence intervals or probability distributions for each response
measure which is not true for deterministic models. The type of data feature used in the
updating process directly affects the accuracy/certainty of the response predictions. Using the
combined acceleration and frequency data features delivered the best identification results and
most accurate/certain acceleration response predictions. The optimization results by the global
optimization method (SA) are in good agreement with the MAP estimates by the Bayesian
framework when sufficient information is provided by the applied data features. It is shown
that posteriori distributions of certain parameters of the hysteretic material models can
indicate to the level on nonlinearity in those components and therefore indicate damage. In the
numerical case study, the calibrated models are validated for two earthquake records that are
very different from the one that is used for model updating. The models can properly predict
the responses of the structure and probabilistic model can robustly estimate the time and
frequency domain responses.
158

ACKNOWLEDGMENTS
Partial support of this project by the National Science Foundation Grant No. 1254338, which
was awarded under the Faculty Early Career Development (CAREER) program, is
acknowledged. The authors would like to acknowledge Mr. Durwood Marshall from Tufts
Technology Services for his assistance in use of the Tufts cluster. The opinions, findings, and
conclusions expressed in the paper are those of the authors and do not necessarily reflect the
views of the individuals and organizations involved in this project.

159

REFERENCES
[1]

A. Teughels, G. De Roeck, Damage detection and parameter identification by finite
element model updating, Arch. Comput. Method. E., 12(2) (2005) 123-164.

[2] J.E. Mottershead, M.I. Friswell, Model updating in structural dynamics: a survey, J.
Sound Vib., 167(2) (1993) 347-375.
[3] B. Moaveni, X. He, J.P. Conte, J.I. Restrepo, Damage identification study of a sevenstory full-scale building slice tested on the UCSD-NEES shake table, Struct. Saf., 32(5)
(2010) 347-356.
[4] B. Moaveni, A. Stavridis, G. Lombaert, J. Conte, P. Shing, Finite element model
updating for assessment of progressive damage in a three-story infilled RC frame, J. Struct.
Eng., 139 (2013) 1665-1674.
[5] F.M. Hemez, S.W. Doebling, Review and assessment of model updating for non-linear,
transient dynamics, Mech. Syst. Sig. Process., 15(1) (2001) 45–74.
[6] S.W. Doebling, C.R. Farrar, M.B. Prime, D.W. Shevitz, Damage identification in
structures and mechanical systems based on changes in their vibration characteristics: a
detailed literature survey, Los Alamos national laboratory, Los Alamos, NM, USA, LA13070-MS, report, 1996.
[7] S.K. Kunnath, J.B. Mander, L. Fang, Parameter identification for degrading and pinched
hysteretic structural concrete systems, Eng. Struct., 19(3) (1997) 224-232.
[8] E. Asgarieh, B. Moaveni, Nonlinear finite element model updating of an infilled frame
based on identified time-varying modal parameters during an earthquake, J. Sound. Vib., 333
(23) (2014) 6057-6073.
[9] M.W. Vanik, J.L. Beck, S.K. Au, Bayesian probabilistic approach to structural health
monitoring, J. Eng. Mech., 126 (7) (2000) 738–745.
[10] M. Muto, J.L. Beck, Bayesian updating of hysteretic structural models using stochastic
simulation, J. Vib. Control, 14 (1–2) (2008) 7–34.
[11] I. Behmanesh, B. Moaveni, C. Papadimitriou, Probabilistic damage identification of
civil structures using modal data in the presence of modeling errors, J. of Eng. Mech., ASCE,
under review.
[12] I. Behmanesh, B. Moaveni, Probabilistic identification of simulated damage on the
Dowling Hall Footbridge through Bayesian FE model updating, Struct. Control. Health
Monit., in press.
[13] J. Beck, Robust stochastic predictions of dynamic response during and monitoring of
structures, Proc. Of Twelfth East Asia-Pacific Conference on Structural Engineering and
Construction. Eng. 14 (2011) 32–40.
160

[14] B. Moaveni, E. Asgarieh, Deterministic-stochastic subspace identification method for
identification of nonlinear structures as time-varying linear systems, Mech. Syst. Sig.
Process., 31 (2012) 40-55.
[15] M. Panagiotou, J. Restrepo, J. Conte, Shake-table test of a full-scale 7-story building
slice, Phase I: rectangular wall, J. of Struct. Eng., 137(6) (2011) 691–704.
[16] S. Mazzoni, M.H. Scott, F. McKenna, G.L. Fenves, et al., Open System for Earthquake
Engineering Simulation – user manual (version 1.7.3), Pacific Earthquake Engineering
Research Center, University of California, Berkeley, California, 2006.
[17] F. Filippou, E. Popov, V. Bertero, Modeling of reinforced concrete joints under cyclic
excitations, J. Struct. Eng. 109(11) (1983).
[18] S. Popovics, A numerical approach to the complete stress strain curve for
concrete, Cement and concrete research, 3(5) (1973) 583-599.
[19] E. Asgarieh, B., Moaveni, A. Barbosa, E. Chatzi, Nonlinear model calibration of a shear
wall building using time and frequency data features, Mech. Syst. Sig. Process., under review
[20] M.H.M. Yassin, Nonlinear analysis of prestressed concrete structures under monotonic
and cycling loads, PhD dissertation, University of California, Berkeley; 1994.
[21] J.L. Beck, L.S. Katafygiotis, Updating models and their uncertainties I: Bayesian
Statistical Framework, J. Eng. Mech., 124 (4) (1998) 455–461.979.
[22] S. Kirkpatric, C.D. Gelatt, M.P. Vecchi, Optimization by simulated annealing, Science
220 (4598) (1983) 671-680.
[23] E.T. Jaynes, Probability Theory: The Logic of Science, Cambridge University Press.
2003.
[24] W.K. Hastings, Monte Carlo Sampling Methods Using Markov Chains and Their
Applications, Biometrika, 87 (1970) 97-109.
[25] J. Ching, Y.J. Chen, Transitional Markov chain Monte Carlo method for Bayesian
model updating, model class selection, and model averaging, J. Eng. Mech., 133 (7) (2007)
816–832.
[26] P. Van Overschee , B. De Moore, Subspace identification for linear systems, Norwell,
MA, USA, Kluwer Academic Publishers, 1996.

161

Chapter 6
CONCLUSIONS

Highlights and Findings
The major contributions of this research are as following:
(1) The performance of the deterministic stochastic subspace identification (DSI) method
applied on short windows of data for estimating the instantaneous modal parameters of
structure is assessed by numerical and experimental case studies, and compared with the
identified values by the wavelet transform. The accuracy of system identification results
is studied under variations of different input factors. It is observed that the estimations by
windowed DSI significantly outperform the identified values by the WT that does not
consider the input data. Also, the estimated instantaneous frequencies by the DSI directly
reflect the change in tangent stiffness of structure and can be used for more accurate and
reliable model calibration.
(2) Simplified nonlinear FE models of a 3-story reinforced concrete masonry infilled frame
are designed and the models are calibrated deterministically to minimize the difference
between instantaneous modal parameters of the model and the identified ones by the DSI
method at subjectively selected points through the response of structure. The nonlinearity
is introduced in the FE models by assigning the BoucWen material model to the fibers of
beam-column fiber elements. First, the parameters of the model are identified for a
numerically simulated data in the absence of measurement and modeling errors. It is
observed that more than one unique model can be found that closely match the simulated
data, which signifies the unidentifiability and ill-conditioning problem the models face.
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Parameters of some groups of elements (e.g., strut and tie elements used to model walls
in the three-story structure) are identified more accurately than the others due to higher
sensitivity of the instantaneous modal parameters to the change in the parameters of these
elements. In the next step, the designed FE models are calibrated to match the identified
instantaneous modal parameters. The models can closely match the frequency and
acceleration data. The identified models are validated by different sets of data and the
ability of model to predict the response of the structure is demonstrated.
(3) Simplified nonlinear FE models of a seven story shear-wall building are identified using
the simulated response of structure by its detailed nonlinear FE model. The role of
modeling error and type of data features used for identification is studied extensively. It
is shown that the common shear building model assumption in modeling can result in
significant mismatch between the identified and model’s instantaneous frequencies. The
error in assigning correct type of nonlinearity has also resulted in very poor response
predictions. Four different types of data features are used for calibrating the models,
namely: (1) accelerations, (2) displacements, (3) instantaneous modal parameters, and (4)
dissipated hysteretic energies of stories. Overall, the combination of acceleration and
displacement data has resulted in better identified models, and adding frequency data to
the recorded time-domain data has decreased the response prediction errors. Two statespace models with cantilever and shear building assumptions are formulated based on the
observations from the FE model identification process. The states (and parameters) of the
models are identified by the unscented Kalman filter. It is shown that the common shear
building assumption results in large errors in this case and Kalman filter cannot identify
correct values for the states of the model.
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(4) Simplified FE model of a seven story shear wall structure was calibrated probabilistically
in a Bayesian framework using the transitional Markov chain Monte Carlo method, and
the results are compared with deterministically identified models by simulated annealing
optimization method. The proposed approach is first studied numerically using simulated
data by a detailed FE model of the structure and then validated using the measured test
data. Three types of data features are used for probabilistic and deterministic
identifications: (1) acceleration data, (2) frequency data, (3) combined acceleration and
frequencies. Increase in the amount of information by adding the frequency data features
has led to more accurate models with higher certainty and better match between
deterministically identified values and maximum a posteriori (MAP) estimates for the
probabilistic models. It was observed that the posterior distributions of the parameters of
models by the third data feature can be used for interpreting the structure’s condition and
damage identification. The probabilistic models can robustly predict response of the
structure in both numerical and experimental case studies by including the prediction
uncertainties. In the experimental case, higher modeling errors and inclusion of
measurement errors has led to considerably larger uncertainties especially in estimating
the instantaneous modal parameters. This is captured by probabilistic models while the
deterministic models have large response prediction errors without providing any
information on the level of uncertainty.

164

