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Abstract: Model updating, the process of inferring a model from data, is prone to the adverse effects of modeling error, which is caused by
simplification and idealization assumptions in the mathematical models. In this study, an adaptive recursive Bayesian inference framework is
developed to jointly estimate model parameters and the statistical characteristics of the prediction error that includes the effects of modeling
error and measurement noise. The prediction error is usually modeled as a Gaussian white noise process in a Bayesian model updating frame-
work. In this study, the prediction error is assumed to be a nonstationary Gaussian process with an unknown and time-variant mean vector and
covariance matrix to be estimated. This allows one to better account for the effects of time-variant model uncertainties in the model updating
process. The proposed approach is verified numerically using a 3-story 1-bay nonlinear steel moment frame excited by an earthquake. Com-
parison of the results with those obtained from a classical nonadaptive recursive Bayesian model updating method shows the efficacy of the
proposed approach in the estimation of the prediction error statistics and model parameters. DOI: 10.1061/(ASCE)EM.1943-7889.0002084.
© 2021 American Society of Civil Engineers.
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Introduction

Model updating has emerged as a powerful tool for system iden-
tification, parameter estimation, damage identification, response
reconstruction, and virtual sensing. In the application of model
updating, the unknown model parameters and/or input loads are
estimated by minimizing the mismatch between the measured
and model-predicted responses (Friswell and Mottershead 2013;
Ebrahimian 2015). This mismatch, referred to as the prediction er-
ror, encapsulates the measurement noise and the effects of model
uncertainties, which include model parameter uncertainties and
modeling error (Beck and Yuen 2004; Goller and Schueller 2011;
Soize 2017). Model parameter uncertainties can be reduced through
the model updating process given favorable identifiability conditions
(Ebrahimian et al. 2019). Modeling error is caused by inherent math-
ematical idealizations, approximations, and simplifications in the
numerical model. If not accounted for properly, modeling error can
cause estimation bias resulting in incorrect and/or inaccurate model
updating outcomes. There are different methodologies in the literature
to account for model uncertainties, including parametric (Ghanem
and Pellissetti 2002; Soize and Ghanem 2004) and nonparametric
probabilistic approaches (Desceliers et al. 2004; Soize 2005).
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The recursive Bayesian inference framework provides a math-
ematical basis to formulate model updating in the presence of
uncertainties and noise. In this framework, the prediction error
is modeled as a random process characterized by a joint proba-
bility distribution function (PDF). Generally, the prediction error
can be a correlated, nonstationary, nonwhite, and non-Gaussian
random process. However, in the classic nonadaptive recursive
Bayesian model updating formulation, also referred to as nonadap-
tive Bayesian filtering, the prediction error is often assumed to be
an independent Gaussian white noise process (i.e., a stationary,
zero-mean, uncorrelated Gaussian random process) for mathemati-
cal simplicity (Chatzi et al. 2010; Ebrahimian 2015; Ebrahimian
et al. 2015; Erazo and Nagarajaiah 2017; Nabiyan et al. 2020).
This assumption results in a zero-mean Gaussian PDF for the pre-
diction error with a time-invariant covariance matrix. Nevertheless,
this limiting assumption can be violated in real-world conditions,
perhaps most commonly due to the effects of modeling error. Mod-
eling error can be a bias error and not referenced to a zero mean. It
might produce a shifted response that is not necessarily centered on
zero error (Sanayei et al. 2001). Incorrect characterization of the
prediction error statistics will affect model updating performance
and can result in biased estimation or divergence of updating param-
eters (Xu et al. 2019). It can also result in incorrect uncertainty quan-
tification of model parameters, i.e., although the parameters may be
estimated with reasonable accuracy, their uncertainty bounds may
not be realistic (Law and Stuart 2012; Ernst et al. 2015).

To address this issue, Bayesian inference methods for joint
model parameters and noise identification have been proposed in
the literature for structural and mechanical engineering applica-
tions. Yuen and Kuok (2016) proposed a Bayesian method for the
estimation of the diagonal entries of the prediction error covariance
matrix. The estimated covariance matrix is then fed into an ex-
tended Kalman filter (EKF) for joint state-parameter estimation.
Astroza et al. (2019a) proposed a dual adaptive filtering method
to handle the effects of modeling error. The dual filtering method
consists of a Kalman filter to estimate the diagonal entries of the
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prediction error covariance matrix based on a covariance-matching
technique (Mehra 1972) and an unscented Kalman filter (UKF)
(Wu and Smyth 2007) to estimate the unknown model parameters.
The aforementioned studies assume that the prediction error is un-
correlated in space, and therefore, noise identification is limited to
the estimation of the diagonal entries of the prediction error covari-
ance matrix. To remove this limiting assumption, Song et al. (2020)
proposed an adaptive Kalman filter using two types of covariance-
matching methods, i.e., the forgetting factor method (Akhlaghi et al.
2017) and the moving window method (Mehra 1972; Almagbile
et al. 2010), to estimate the full covariance matrix of the prediction
error jointly with the unknown model parameters. They demon-
strated the effectiveness of the approach in the presence of model-
ing error. Amini Tehrani et al. (2020) combined the Kalman filter
method with a covariance-matching method to estimate the full
covariance matrix of the prediction error jointly with the state vector
and unknown model parameters.

Although these methods alleviated some of the limiting assump-
tions for the prediction error (e.g., stationary and uncorrelated in
space), the zero-mean Gaussian assumption still remains. To resolve
this limitation, Kontoroupi and Smyth (2016) developed a Bayesian
method for joint estimation of the mean vector and covariance ma-
trix of the prediction error. In this approach, the mean vector of the
prediction error is assumed to have a Gaussian distribution, while an
inverse-Wishart distribution is considered for the covariance matrix
of the prediction error. First, the distributions are updated based on
Bayesian inference, and then, mean estimates of the updated distri-
butions are used in the UKF algorithm for joint parameter and state
estimation. Their work is capable of estimating a biased (nonzero-
mean) prediction error. However, it considers the mean vector and
covariance matrix of prediction error as time-invariant.

In this paper, a recursive Bayesian inference formulation is de-
veloped to jointly estimate the unknown model parameters and the
statistical characteristics (mean vector and covariance matrix) of the
prediction error. The prediction error is modeled as a nonstationary
Gaussian random process with a time-variant mean vector and
covariance matrix to be estimated iteratively and jointly with the
unknown model parameters. The evolution of unknown model
parameters in time is modeled as a random walk process using a
zero-mean Gaussian process noise. The prior PDF of unknown
model parameters is assumed to be Gaussian. It is also assumed that
the vectors of initial unknown model parameters, the process noise,
and the prediction error at each time step are all mutually indepen-
dent. The estimation problem is solved using a two-step marginal
maximum a posteriori (MAP) estimation approach. The proposed
method is still based on a Gaussian distribution assumption for the
prediction error, which may be violated in the presence of a mod-
eling error. Nevertheless, developing the capability to estimate the
time-variant mean vector and covariance matrix of the prediction
error is an advancement with respect to the state of the art.

The paper is organized as follows. The formulation of the pro-
posed method is presented first and is followed by a verification
study using a nonlinear model of a steel moment frame structure
under earthquake excitation. Finally, conclusions are summarized
based on the observed results.

Bayesian Inference Formulation for Joint Model and
Noise Identification

Problem Statement

Model updating using input-output measurements can be formu-
lated as a Bayesian filtering problem for parameter-only estimation
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as follows (Haykin 2004; Ebrahimian et al. 2015). The filter termi-
nology refers to a stochastic estimator (Besangon 2007), which
means an auxiliary static or dynamic system that often runs in par-
allel to the real system under investigation to estimate desired sys-
tem quantities (Ritter 2020). Following this analogy, a model
updating problem can be regarded as a filtering problem

0, =0, +vieis Y1 ~N(0.Q) (1)

Vi = h(0 f14) o o ~N(pe Ry) (2)

where 0, € R™*! = unknown model parameter vector modeled as a
random process; y; € R™*! = vector of measured responses; and
ng and ny = number of unknown model parameters and measure-
ment channels, respectively. The h(0, f.,) € R™*! is the response
function of the numerical model, which in this paper is assumed to
be a finite-element (FE) model, to an input force-time history from
time step 1 to &, fy.;. In this study, we assume that the input forces
are measurable and known, and for the sake of notation brevity,
h(0,f,.;) is replaced by h,(0,) henceforth. The x ~ N(X, X) de-
notes random vector x following a Gaussian (or Normal) distribu-
tion with mean vector X and covariance matrix X, and the PDF of
X is shown as p(x) = N(x|X, X). The terms y, € R"*! and o, €
R™*! denote process noise and prediction error vectors, respec-
tively. The process noise vector is characterized by a zero-mean
Gaussian white noise process with covariance matrix Q, which is
usually one of the filter tuning parameters (Astroza et al. 2019b).
The prediction error accounts for the mismatch between the mea-
sured and FE model-predicted responses of the structure and is
modeled as a nonstationary Gaussian random process with un-
known and time-variant mean vector p; and covariance matrix R
to be estimated recursively and jointly with the unknown model
parameter 0,. It should be mentioned that the initial unknown
model parameter vector 0, and the process noise and prediction
error at each time step, {6g, v, Y2, ..., ®,®,, ...}, are all as-
sumed to be mutually independent.

To proceed with the Bayesian inference formulation, 0, and p,
are modeled as random vectors, and R; is modeled as a random
matrix. Similar to other recursive filtering approaches, the proposed
framework includes prediction and correction steps at each time
step k (Simon 2006; Krishnan 2015). In the prediction step, the
joint distribution of updating parameters, 0;, p;, and R, is propa-
gated from the previous to the current time step through a dynamic
model. In the correction step, prior estimates of the updating

parameters, denoted as 6;, ;. and IA{;, are corrected to posterior
estimates, denoted as 9;, ﬁ;, and li+, through the Bayes’ theorem

by absorbing the information in the new measurement y,. The pro-
cess is further described in the following sections.

Bayesian Inference Formulation

Using the Bayes’ theorem, the joint posterior distribution of updat-
ing parameters, 0y, 1, and R, given the measured responses from
time steps 1 to k, y;.;, can be derived

PO, . Rylyie) o¢ p(ylOs e Riy yik—1) P(Ok. i, Ryly 1)
(3)

where p(yi|0, pe,s Ry, y14—1) = likelihood function; and p(0;,
1, Ry|y1.—1) = joint prior distribution of 0y, w;, and R, at time
step k. The normalizing (evidence) term is ignored in Eq. (3); there-
fore, the sign o< denoting proportional to is used. Because the pro-
posed estimation approach is recursive (Simon 2006), only the new
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data point y; is used for updating parameters at each time step.
Now, we expand the terms on the right-hand side of this equation.

Based on Eq. (2), the likelihood function follows a Gaussian
distribution

P(YklOk: B Ry, Yie1) = p(oo) = N(@y|py, Ry) (4)

The joint prior distribution, p(8y, py, Ri|y;..—1), can be written
in a hierarchical form (Behmanesh et al. 2015; Xu et al. 2019)

POk e Rylyie1) = POkl R, Yigem1) P(is Relyiae—t)  (5)

where p(py, Ri|y .«—1) is referred to as a hyperprior with hyper-
parameters of p;, and R; (Huang and Beck 2015). By substituting
Eq. (5) into Eq. (3), it can be followed that

PO, B Rielyix) ¢ p(yelOc e R, Yioem1) (O [, Ry, ¥i1)
X p(g. Rilyia—1) (6)

The prior distribution of 0, is approximated as Gaussian (Moore
and Anderson 1979); in other words

POl Ri. yi 1) = N (0105, Py ) (7)

where mean vector ék_ = prior estimate for 0;; and Py, = prior
covariance matrix of 0,. Furthermore, the prior distribution of
PR, Rilyii1) is assumed to follow a Normal-Inverse-Wishart
(NIW) distribution. In Bayesian statistics, NIW distribution is often
used as the joint conjugate prior for the mean vector and covariance
matrix of a Gaussian distribution (Murphy 2007). The conjugacy
guarantees the same functional form for the posterior and prior
distributions (O’Hagan and Forster 2004). NIW distribution is
the product of a Normal (or Gaussian) distribution and an Inverse-
Wishart (IW) distribution. Therefore, the prior distribution of p(j,
Ry|yi.«—1) in Eq. (6) can be expressed

(e RilYia—1) = NIW (g, R, A, v, Vi)

._ R
= (i ) < R V)9
k

where fi; € R™*! = prior mean vector of p; (also considered as
prior estimate for p); Ay > 0 is the confidence parameter; v, >
ny — 1 is the degree of freedom parameter; and V;© € R™™"y = sym-
metric positive definite scale matrix (Xu et al. 2019). Considering

that p(pi. Rely1a-1) = p(Me| R ¥1:k-1) X p(Ry|y1:5-1), the right-
hand side of Eq. (8) can be separated as follows

.. R

PR Yixet) = N(uklu;,A—f) (9a)
"

P(Ri|Y1x-1) = IW(Ry v, Vi) (9b)

The Normal and IW distributions in Eq. (9) are defined sub-
sequently, ignoring normalizing terms (Gelman et al. 2013)

N(xl.E) o []1/2 exp(—%(x CWTE N x— u)) (10a)

1
IW(Z|v, V) o |Z|- v+ H+1/2 exp (—Etr(VE‘l)) (10b)

The terms |.| and tr(.) in these equations denote matrix deter-
minant and matrix trace, respectively.
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Dynamic Models

The evolution of updating parameters 0, p;, and R, from time step
k-1 to k are characterized by a series of dynamic models discussed
in this study. Following the random walk model considered for the
unknown model parameter vector 0, in Eq. (1), its mean vector and
covariance matrix are transferred from each estimation time step to
the next as follows

0 =0, (11a)
P&k:P{;kq +Q (11b)

Although the unknown model parameter vector 0 is considered
to be time-invariant in this study, and thus, Q can be set to zero,
a small process noise has been shown to improve the parameter
estimation process (Song et al. 2020).

An explicit presentation of a dynamic model for the covari-
ance matrix of the prediction error, R, is difficult (Sarkka and
Nummenmaa 2009). Therefore, the following two dynamic models
for the statistical parameters of the prior IW distribution are used in
this study based on the heuristic model proposed by Sarkka (Sarkka
and Hartikainen 2013)

vg = p(vi_ +ny+1)—ny—1 (12a)
Vi= Vi, (126)

where p € (0, 1] = forgetting factor. If p = 1, Eq. (12) results in a
stationary prediction error covariance matrix, while smaller values
for p allow for larger time variations in statistical properties of the
covariance matrix (Sarkka and Hartikainen 2013). The mode (most
probable) value of the prior IW distribution, considered as a prior

estimate for Ry, is defined as Ry = [V /(vp + ny + 1)}, while the
posterior estimate for Ry_; is defined as R{_, = [Vi_ /(vj, +
ny + 1)] (O’Hagan and Forster 2004). Based on the dynamic mod-
els defined in Eq. (12), it can be concluded that Ry = R} ;.

Similar to the dynamic model considered for R;, a heuristic
model is considered for propagating the uncertainties of the p,
through time

PA‘I: = ﬁlj—l (13a)
e = PN (13b)

where p’ € (0, 1] = another forgetting factor. Similar to the case
presented for p, p’ = 1 represents a stationary p, while smaller
values for p’ results in larger time variations in statistical properties
of the prediction error mean.

Two-Step Marginal MAP Estimation

This section outlines an approach to find posterior estimates of up-
dating parameters 0y, p;, and R using a MAP estimation method.
The objective is to maximize the joint posterior distribution p(0y,
1, Relyix) to find MAP estimates as follows

I Th ﬁ;} = argmaxp (0, e, Re|yix) (14)
01y, Ry

The joint posterior distribution p (0, pg, Ri|y;.x) can be fac-
tored into two marginal distributions as follows using the product
rule (Schum 2001)

POk i, Refyi) = p(Oc e Ry yi) p(mes Rilyna) - (15)
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Based on the marginal MAP estimation method (Haykin 2004),
the two terms on the right-hand side of Eq. (15) are maximized
separately to find the MAP estimates, in other words

{0/} = argmaxp (O . Ry Yie) (16)
k
{n, R/} = argnl;axp(uk, Ry|yix) (17)
|

Therefore, the correction step in the Bayesian inference formu-
lation is divided into two separate MAP estimation problems that
should be solved iteratively to converge to the MAP estimates of
the joint posterior distribution p (0, py, Ry|y;.¢). For this purpose,
first, the MAP estimate of p(0;|py, Ry, yy) is derived given the
i) and IA{Z obtained from the previous iteration; then, the MAP
estimate of p(p, Rg|y;) is obtained based on the estimated (A),'f,
and this process is repeated iteratively until convergence. The so-
lutions to these separate MAP estimation problems are provided in
the following sections.

Marginal MAP Estimate of 0,

The MAP estimation problem in Eq. (16) is familiar and seen in the
nonadaptive Bayesian model updating formulations (Ebrahimian
et al. 2015). Based on the Bayes’ theorem, it can be observed that

POk, Re, ¥ik) € p(YilOk e R, Y1 1) P (O [l Ry, yier)
(18)

Because both the likelihood and the prior distributions for 0
are Gaussian according to Eqgs. (4) and (7), respectively, the pos-
terior distribution will also be Gaussian (Ebrahimian et al. 2018),
ie., p(Oclme, Ry, yix) = N(0k|(§k+, Py ). in which the mean vector
é}f (considered the same as the MAP estimate for 0;) and the
covariance matrix Py, can be obtained as follows—derivation
details are provided in Appendix I

0 =0, + K, (v, —h(6;) — 1)) (19)
P;k = P(;k - Kkuy.kK,{ (20)

where K, = Poyik(Pyy’k)_l; Poy i = P(;k(C;)T; and Py, =
Ci Py (Cy)" + Ry The term C;; = {[0hy(8,)]/08, }|y _g. is the
model response sensitivity matrix with respect to 0, at 9, = é;.
The terms ji; and lik+ are the MAP estimates of the mean vector
and covariance matrix of the prediction error at time step k; they
will be estimated by solving Eq. (17), as will be outlined in the next
section. It should be noted that Egs. (19) and (20) are similar to the
equations used in the nonadaptive Bayesian model updating meth-
ods with the exception of fi;}, which is now present in Eq. (19) to
account for the nonzero-mean prediction error.

Marginal MAP Estimates of u, and Ry

Now, we proceed with the second MAP problem in Eq. (17). The
term p(pg, Ri|yi.x) can be written using the Bayes’ rule

(e Rilyie) o< p(yiliies R Y1) p(ie Reelyru—r) — (21)

According to Eq. (8), the prior distribution p(p;, Ry|yi.._1) has
a NIW distribution, which is a conjugate prior for the Gaussian like-
lihood. Therefore, the posterior is also NIW, i.e., p(p, Ry|yi4) =
NIW (e, Re|E AL of, V), with updated parameters fif, A/,
v}, V{. By substituting Egs. (4) and (8) into Eq. (21), the following
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updating equations can be derived—refer to Appendix II for
derivation details

A 1 N

=% - —h, (0] 22
No=1+X (22b)
v =1+ (22¢)

A, N . ~ A
Vi = Vi + (v —h (0)) — i) (v — hy (6;) — l‘-k_)T
Y
(22d)
~ Vi
P (22¢)
vy +ny+ 1

In this solution, the mode of the posterior NIW distribution is

selected as the MAP estimates for p; and Ry, i.e., p; and li?, as
shown in Egs. (22a) and (22e).

The solution of the MAP estimation problem in Eq. (14) will
result in solving the coupled Egs. (19), (22a), and (22¢) simulta-
neously. The coupled nonlinear equations cannot be solved analyti-
cally; therefore, a fixed-point iteration algorithm (Hoffman and

Frankel 2018) is used in this study. First, 6k+ is estimated using
Eq. (19) given the i} and R} obtained from the previous iteration;
then, fi} and IA{Zr are updated using Eqgs. (22a) and (22¢) based on

the estimated (A)Z, and this process is repeated iteratively until con-
vergence. It should be mentioned that to avoid estimating non-
physical values for unknown model parameters, a constraint
correction method based on PDF truncation, similar to one imple-
mented by Ebrahimian et al. (2018), can be used in this study. Three
convergence criteria are considered based on the relative L2 norm

of the difference between two consecutive estimations of GZ, ﬁ.,f,

and li}f A convergence tolerance of 0.01 is considered in this
study. This value can be adjusted by balancing accuracy versus
the computational cost. Note that the L2 norm of a matrix is equal
to its largest singular value (Golub and Van Loan 1996). Fig. 1
provides the flowchart of the proposed two-step marginal MAP
estimation approach.

Verification Study: 3-story 1-bay Steel Moment
Frame

Model Description and Data Simulation

In this section, the performance of the proposed Bayesian inference
framework for joint estimation of model parameters and noise
(noise or prediction error = modeling error + measurement noise)
is evaluated with a nonlinear model of a 3-story 1-bay steel moment
frame under earthquake excitation, as shown in Fig. 2(a). A two-
dimensional (2D) nonlinear FE model of the structure is developed
in the open-source FE analysis platform OpenSees (McKenna 2000).
Columns are made of A992 steel with a W14 x 311 cross-section,
and beams are made of A36 steel with a W24 x 68 cross-section.
Nodal mass of 80 metric tons is considered at beam-column nodes
shown by black circles in Fig. 2(a). Columns and beams are modeled
using force-based beam-column elements with fiber sections. Seven
integration points are considered for numerical integration along
the length of each element using the Gauss-Lobatto quadrature rule.
Column and beam webs are discretized into 10 fibers along the
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Initialize: 0f, Py, A, 4y, v(,and Vg
Set Q, p,and p’

For each time step k£ (k=1,2,..., N )
e Prediction step:

0, = 92—1

Py =Py, +Q
e =Rj

A =P

vi=pvi, +ny+1)-ny -1

Vi =PV

o Run model with é,; to find response vector h, ((A),; ), and compute response

sensitivity matrix Cj .

e Correction step:

0 =0 i =i
AL =1+ 4
vk+ =l+v,

N o
Poy & = Po 1 (Cy)
— _p- (T
L =GPy (Cy)
o [Iterate (j=0,1,...):
+ ()
REO - Yi
K Vi +ny+1
G) _q- LR
PO =L +Rp V)
K =Poy k (P;r;!?k )

Vi 0=

NPT 4 L
0,V =6 + K (v, —hg 07— V)

*  Run model with 8; U* to find response vector h (8; /*1).

nt+ U+ _ lk_ '1;_’_

1+ 4 1+

(v —h, (0] U*Dy)
h

: _ A AL . I .
ViU v 1+’;1 (v = 0] V) =) )y, —hy (0] V) =i )

k

»  Check for convergence: If

”ﬁ; U R u)H

and )
RV

0: U g (j)”

A+ (D) A+ ()
i U - 0|
il Y T o1,

<0.01,

il </>H

o) H

<0.01,thenset 8; =0, V) iy =ji; ) v/ =v; ),

find Py, =P;; —-K{'PJ) (K{)) , and move to next time step;

otherwise, j = j +1 and iterate again.

Fig. 1. Two-step marginal MAP estimation approach for joint model and noise identification.

height and one fiber across the width. Their flanges are also dis-
cretized into one fiber along the height and 3 fibers along the width.
The uniaxial material model for steel fibers is based on the Giuffre-
Menegotto-Pinto (GMP) constitutive model (Filippou et al. 1983).
Rayleigh damping is considered to model the structural damping
assuming a 2% damping ratio for the first two modes. The Newmark
average acceleration method (Chopra 2017) is used to integrate the
equations of motion using a time step size of Ar = 0.02 obtained
using a convergence study.

The 1989 Loma Prieta earthquake (0° component at Los Gatos
station) is selected as the base excitation, as illustrated in Fig. 2(b).
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The horizontal absolute acceleration response time histories at each
floor (referred to as true/nominal responses and denoted by y™®)
are simulated and contaminated with measurement noise to re-
present the sensor measurements (denoted by y). The measurement
locations are shown by black boxes in Fig. 2(a). The measurement
noise is considered as a nonstationary Gaussian random process
with a time-variant mean vector and covariance matrix denoted by
pe and R, respectively. The measurement noises are assumed
statistically uncorrelated; therefore, the off-diagonal entries of R{"®
at each time step k are equal to zero. Sine functions are considered
to model a variation of p{* and the diagonal entries of R} in time
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Fig. 2. (a) 3-story 1-bay steel moment frame; and (b) ground acceleration time history of 1989 Loma Prieta earthquake recorded at Los Gatos station

in the 0° component.

. 47
true — T N0ISE o1 k 23
Th n sin <_N > (23)

2
diag(RUe) = Froise (sin (% k) + 1) (24)

where N = number of time steps; and [reise and O = constant-
coefficient vectors and defined as follows

ﬁnoise =50 x mean(y“”e) = []977 541,750}T X 10_29 (25)

Foie = (0.1 x RMS(y™))2 = [1.66,2.88,7.65]7 x 104¢> (26)

Three parameters of the GMP model for beams and columns are
considered as the unknown (updating) model parameters, including
Young’s modulus £, yield stress o, and strain-hardening ratio b.
The parameters are specified by subscripts b and ¢ for beams and
columns, respectively. The nominal (or true) values of these param-
eters used for simulation are reported in Table 1. The mass and
stiffness proportional components of Rayleigh damping, i.e., «
and (3, respectively, are also considered as the unknown model
parameters to be estimated. Their true or nominal values are con-
sidered as o!™® = 0.1718 s~ and 3"™'¢ = 0.0014 s. Therefore, the
unknown model parameter vector @ includes eight parameters, and
each one is normalized by its true value, in other words

0 = [E./E™. 0,0/ 0% be/bEe, By Ef, 0y, /053¢, by /by af o™, B/ fe)T

Identification Results

The proposed method is applied to estimate the unknown model
parameter vector 0 together with the mean vector and covariance
matrix of the prediction error. The initial value of 0 is selected 63 =
[0.7,0.7,1.2,0.8,1.3,0.8,1.2,0.7]" as with the initial covariance
matrix P(;’, 0= diag(O.Zég )2, i.e., a 20% initial coefficient of varia-
tion (COV) is considered to characterize the prior covariance
matrix. The process noise covariance matrix is assumed as Q =
diag(lO*“ég )2, and the forgetting factor parameters are selected
as p=0.95 and p’ = 0.95. Based on our study, the parameter es-
timation results are acceptable for 0.8 <p <1 and 0.7 <p’ < 1.

Table 1. True/nominal values of the three parameters of the GMP model
for columns and beams used for measurement simulations

However, choosing lower values for p and p’ may deteriorate the
performance of the model updating process. In this example, a
finite-difference method is used to calculate the sensitivity ma-
trix C at each time step. The initial mean vector and covariance
matrix of the prediction error is assumed as jij = 0 and lig =
diag(r"***) /100, respectively, where "¢ vector is defined in
Eq. (26). Other initial parameters considered for the NIW distribu-
tion are \; =1, vf =4.1, and V{ = (v +ny + )R], with
ny = 3. In this verification study, the results of the proposed joint
model and noise identification method are compared with a classic
nonadaptive recursive Bayesian method (Ebrahimian et al. 2015),
in which the prediction error ®; is assumed to be a zero-mean
Gaussian white noise with a time-invariant diagonal covariance
matrix, i.e., @, ~N(0,R; = Iia’)

The estimated model parameters are shown in Fig. 3. As can be
seen, the parameters E;, and E, start to update and converge to their

Frame member E'™¢ (GPa) o'® (MPa) birue - .
- true values much earlier than the other two material model param-
Columns 200 350 0.08 eters because the structural responses are sensitive to the stiffness-
Beams 200 250 0.05 . . .
related material parameter from the beginning of the excitation.
© ASCE 04021165-6 J. Eng. Mech.
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Fig. 3. Estimated model parameters using the proposed and nonadaptive Bayesian model updating methods.

Upon entering the strong-motion part of the excitation, the response method. The nonadaptive Bayesian model updating method can
of the beams and then the columns enter the nonlinear region, and even result in divergence of the model updating process or produc-
thus, structural responses become sensitive to the yield strength, o, ing nonphysical model parameter estimates, e.g., zero estimated
and strain hardening ratio, b (Ebrahimian et al. 2015). There is also values for E,,. Fig. 4 and Fig. 5 show the estimated mean and covari-
small response sensitivity with respect to the Rayleigh damping ance of the prediction error, respectively, at each time step. It can be
coefficients from the beginning of the excitation, which results to seen that the proposed method accurately tracks the trend of the true
slow convergence of these two parameters. Fig. 3 also compares the mean vector and covariance matrix in time.
estimation results with those obtained by a nonadaptive Bayesian The estimated absolute acceleration responses at each floor—
model updating method. As can be seen, model parameter estimates using the final estimated model parameters—are compared with the
are biased or incorrect for the nonadaptive Bayesian model updating true/nominal counterparts in Fig. 6. The noticeable discrepancies
I Proposed method True Non-adaptive method |
0.1 T T T T T T
oy
>
Y 0
X
0.1 1 1 ] 1 1 1
0 2 4 6 8 10 12 14
0.1 T T T T T T
—
>
= 0
X
-0.1 1 | | | | L
0 2 4 6 8 10 12 14
0.1 T T T T T T
2
X
0.1 1 1 1 1 1 1
0 2 4 6 8 10 12 14
time (sec)

Fig. 4. Estimated components of the prediction error mean vector using the proposed Bayesian model updating method. The mean vector of the
prediction error is not estimated and thus remains constant in the nonadaptive Bayesian model updating method. Note that p = [p, 115, p3]”.
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Fig. 5. Estimated components of the prediction error covariance matrix

using the proposed Bayesian model updating method. The covariance matrix

of the prediction error is not estimated and thus remains constant in the nonadaptive Bayesian model updating method.

| Proposed method

'
Y

8 10 12 14
time (sec)

Fig. 6. Comparison of the true and estimated absolute acceleration responses using the proposed and nonadaptive Bayesian model updating methods.

between the estimated and nominal responses for the nonadaptive
Bayesian model updating method, which is due to the biased model
parameter estimates, clearly show the incapability of the nonadap-
tive Bayesian model updating method to perform in the presence
of a time-variant prediction error. The acceleration responses pre-
dicted using the proposed joint model and noise identification
method match the nominal responses well.

Finally, the moment-curvature response at the base section of
the left column—Section 1-1 in Fig. 2(a)—and the stress-strain re-
sponse of the top flange of the first-floor beam at the plastic hinge
location—Section 2-2 in Fig. 2(a)—are estimated from the updated

© ASCE

04021165-8

models using the nonadaptive and proposed model updating meth-
ods and presented in Fig. 7. The figure clearly shows the detrimen-
tal effects of the time-variant noise in the response prediction and
virtual sensing capability of the nonadaptive Bayesian model up-
dating. This is why the proposed method can handle the time-
variant noise effects and provide accurate virtual sensing capability.

Summary and Conclusion

This paper presented an adaptive recursive Bayesian inference
framework for joint model and noise identification using a two-step
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True Non-adaptive method

20

(b)

Fig. 7. Comparison of the true and estimated (a) moment-curvature response at the base section of the left column shown in Fig. 2(a); and
(b) stress-strain response of the top flange of the first-floor beam at the plastic hinge location shown in Fig. 2(a). The responses are obtained from
the updated models from the proposed and nonadaptive Bayesian model updating methods.

marginal maximum a posteriori (MAP) estimation approach. Noise
or prediction error can include the measurement noise and the ef-
fects of modeling error. This approach results in two separate MAP
estimation problems that should be solved iteratively: one to esti-
mate the unknown model parameters and the other to estimate the
mean vector and covariance matrix of the prediction error. The pro-
posed approach was verified using numerically simulated data ob-
tained from a nonlinear steel moment frame model subjected to
earthquake excitation. The absolute acceleration responses at each
floor were simulated and polluted by a nonstationary Gaussian
noise with a time-variant mean vector and covariance matrix. Eight
model parameters, including six parameters characterizing the con-
stitutive models of the beams and columns steel material, and two
Rayleigh damping coefficients were considered as unknown and
estimated using the proposed approach and a nonadaptive recursive
Bayesian model updating approach for comparison. The verification
study demonstrated the detrimental effects of time-variant noise on
the nonadaptive Bayesian model updating results, in which the es-
timated model parameters were significantly biased. However, the
proposed Bayesian inference framework for joint model and noise
identification was able to estimate the model parameters correctly
due to its capability to estimate the time-variant mean and covari-
ance of the prediction error. Considering the statistical character-
istics of prediction error as unknowns to be estimated provides
additional degrees of freedom in the recursive Bayesian model up-
dating approach and can alleviate the biased or incorrect model
parameter estimation results. Therefore, the proposed framework
can provide a step forward to account for the effects of modeling
error in finite-element model updating. Further efforts are under-
way to validate the proposed framework through real-world case
studies.

Appendix I. Derivation of MAP Estimates of
Unknown Model Parameters

This appendix presents the derivation of the MAP estimate of the

unknown model parameter, 0, given ji;", and li;r By substituting
Egs. (4) and (7) into Eq. (18), it can be followed that

© ASCE
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POclie. Ry yix) o N |ig . RY) x N(6,]65, Py (27)

Following Lemma 1 of Appendix III, distribution N (6k|ék_, Py,)
can be written in the canonical form

A 1
N(9k|9k S Pak) = exp <—§9]{A]Ok + '11T9k -+ f]) (28)

where A} = (Py,)7"smy = (P(;_k)_'é,:; and & = —J (ng In(27) +
In [Py, |+ (8;)" (Py,)'6;). Also, the term N(ay|
Eq. (28) can be expanded
N(aylitf . RY)
- 1 1 AT /D 1 AL
= W“P(‘g(wk — )" (Re) ™ (@ — )
(29)

Following Eq. (2), it is clear that ®; = y, — h;(0;). The term
h,(0;), which is the model response function can be linearized

using a first-order Taylor expansion about 6;, ie., hy(0,) =
h;(0,)+ C; (6, —0;) in which C, = {[8hk(9k)]/89k}|ok:é;.
Therefore, it can be followed that

o, — i =y, —h(0,) —
=Yi— hk(éﬁ —Cr (0, — él:) -y

where
8 = yi — h(0;) + Cy0; — i (31)

By substituting Eq. (30) into Eq. (29), the following canonical
form can be derived

AL B 1
Mot R = exp( - 00+ 0 1) (32
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where A, = (C;)"(R{)™'Ciiz my = (Cp)(RY) '8, and & =
—1(nyIn(27) +ln|IA{,f\ +6£(1A{,j)_18k). Based on Lemma 2 of
Appendix III, the product of two Gaussian distributions on the
right-hand side of Eq. (27) is a Gaussian, i.e., p(0; |, R, y14) =

N(0,16; . Py ,), and its mean vector and covariance matrix can be
derived as follows

00 = (A +A) ™' (y +my) = (Pe) ™" + (CO)T(R)) ') ™!
x (Py) "0, + (CO)T(R))7'8y) (33a)
Po = (A +A) " = ((Pe) ™ + (CO)T(RH)T'C)™ (33p)

By substituting Eq. (31) into Eq. (33a) and defining the
Kalman gain matrix as K, = ((Py,)~" + (C))T(R{)™'Cp)™!
(COT(R) ™, Eq. (33a) results in

07 =0, + Ki(y: —h(6;) — i) (34)

Alternatively, it can be shown that the Kalman gain can be
derived as follows (Simon 2006)

Kk = P()y.k(l)yy,k)71 (35)
The posterior covariance matrix can be derived (Simon 2006)
Py, = Py — KiPyy K (36)

where Py, = Py, (C;)"; and Py, = C; Py, (Cp)" + R(.

Appendix Il. Derivation of MAP Estimates of Mean
Vector and Covariance Matrix of Prediction Error

This appendix provides the derivation of MAP estimates of the
mean vector and covariance matrix of prediction error, i.e., p; and

R;, given 6; By substituting Eqgs. (4) and (8) into Eq. (21), it can
be followed that

P Re|yie) o< N(og e, Ry) x NIW (e, Rylp, A, v, Vi)
o N (o[, Ry) x N(uklﬁ;,lj—;)

X IW(Ry v V) (37)

Based on the conjugacy property of NIW distribution with re-
spect to the Normal likelihood function, the posterior has the same

distribution as the prior. Therefore, the posterior is also NIW, in
other words

P Relyra) = NIW (g, Ry [, A o, V)
.. R
= (i ) % VR VD) 38)
%
Combining Egs. (37) and (38) results in
. Ry + v+
(T[T )X IW(Ry|vg . Vi)
k
._ Ry R
o N(o e, Ry) < N (el iy )X IWR|v, Vi) (39)
k

The Gaussian distribution N(wg|pe, Ry) in Eq. (39) can be
expanded

© ASCE
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N(@|py. Ry)

1 1 B
= Wexp (—5 (0 — llk)TRk ! (o — Hk)) (40)

Considering that ®; = y; — hk(é;), Eq. (40) can be written in a
canonical form for p; using Lemma 1 of Appendix III as follows

1
N(o |, Ry) :exp<_§uZA1“k+n1Tuk+£l) (41)

where

A =R (42a)
n =R (v, — e (6))) (42b)

6=~ (nyn(2) + In[Ry] + (v — b (6))" Ry (v~ by (0])))

The Gaussian distribution N (pk\ﬁg,%) on the right-hand side
k

of Eq. (39) can also be written in a canonical form
- Ry 1 T T
N uk\uk,/\i = exp —EHkAzuk +m + & (43)
k

where

A, = (&> B (44a)

= (3) i (44)

Slraor(R) ) e

The Inverse-Wishart (IW) distribution /W (R;|v;, V;) on the
right-hand side of Eq. (39) can be expanded

1
&= -5 (ny In(27) + In

_ 1
IR0, V) = el Ry %D Zexp((~Ju(VR7) ) (49

where ¢; = constant term.
Using Lemma 2 of Appendix III, the product of two Gaussian

distributions N(@;|py, Ry) and N (pk\ﬁ;,%) on the right-hand
'k

side of Eq. (39) is also Gaussian and can be written in the canonical
form for p,. Following Egs. (41) and (43), it can be observed that

. R
N(og|pg, Ry) x N(l’-k“lk ’A_*k)
k

1
= exp (—Ell/{AHk +n'p + f) xexp(§y +& —§)  (46)

where A, 1, and £ can be calculated using Lemma 2 of Appendix III
and Egs. (42) and (44) as follows

R —1
A=A +A =R+ (A—f) =1+ X)R! (47a)
k
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N R, \-1,
n=n+m =R (y, —h () + <—k) By

e
=Ry (v — h(00) + Ay (47b)
1
£=—5(nyIn(2m) + I [A71] +n"A"n)
1 ~ Al
==5 <ny In(27) + In 1 +k/\; + (yx — he(0]) + ARy )T
R;! At Al
1+)\_( —h(0;) + A7) (47¢)

The expression &; + & — & in Eq. (46) can be expanded as
follows

61t € = = (IR + (v 1) RE = 6)
-1
v <a;>T(%) i~ O
k

(v — he(0F) + X; llk)> +c

—h(8) + Ncip)"

1 )\

+
(lnum = )~ )"

X R (v — by (B7) - ﬁ;)) e (48)

where ¢, = constant term; and tr(.) = matrix trace. Therefore, the
term exp(&; + & — &) on the right-hand side of Eq. (46) can be
expressed as follows considering Lemma 3 of Appendix III

exp(§ +& —§)

1 Ad PURE
= 3Ry |2 x exp <—§tr(1 +’<A_ (ye —h(00) —y)
k

)R ) ) (49)

where c¢3 = constant term. Therefore, the right-hand side of Eq. (39)
can be obtained using Eqs. (45) and (46) as follows

X (yx — h (8) —

.. R I
Mol Re) ¥ (il 3 ) % IW(Ro7. VE)
k
1
= exp <_EH£A"k +n'p + f) xexp(& +& —¢§)
. 1
x ¢p | Ry |7+ +D/2 exp (—Etr(V;R;1)> (50)

Comparing Egs. (39) and (50), and considering that the term
exp(&; + & — &) is a function of R, based on Eq. (49), it can
be observed that

. R 1
N<uk|u;f,A—+k> = exp (—Equuk + 0"y + 5) (51a)
k
W(R|vy, V))
i 1
—exples +6 - ) xRy exp(( - u(ViRE) )

(51b)

where the updated mean vector ﬁ,f and covariance matrix R/ )\Z
can be obtained using Lemma 1 of Appendix III as follows

© ASCE
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p=ATn= — (R (e — 0 (0)) + M\ip))  (52a)
14+ X
R, _ R,
LA = 52b
A 14+ A0 (52b)

Vi —h(67)) (53a)

ANo=1+4X (53b)

The updated parameters of IW distribution are obtained by
matching the terms on the left- and right-hand side of Eq. (51b)
as follows

v =1+ (54a)

Vi=Vi+ (Ve = hi(07) — ie) (ve — by (67) — i)

(54b)

e
1+)\

Appendix lll. Three Useful Lemmas

This appendix presents three Lemmas that are used in Appendices I
and IL.

Lemma 1: Canonical representation of a multivariate Gaussian
distribution function

The multivariate Gaussian distribution of a random vector X €
R™>! with a distribution function of x ~ N(X, X) can be written in
the canonical form (Wu 2005)

p(x) =exp <—%XTAX +n'x + 5) (55)

where A =X7"; n =278, { = —1(nsIn(27) + In[Z[ 4+ XTZ7'X)
or £ =—1(nyIn(27) +In|A~"|+n"A"'n); and |.| presents the
determinant operator.

Lemma 2: Product of two multivariate Gaussian distribution
functions

Consider two independent random vectors of size n, with
Gaussian distributions as x; ~ N (X, X;) and X, ~ N(X,, X,). Using
the canonical form presented in Lemma 1, it can be followed that

1
pi(x) = exp (—EXTAlx +nix + fl)

1
p2(x) = exp (—EXTAZX +nix + §2> (56)

Therefore, the product of two distribution functions p;(x) and
p»(x) can be derived

P1(x) x pa(x)

—exp( = XA+ A+ + )X (6 46)) (57

By defining the following new terms

A:A1+A2
11:7]1"‘112
£=— (n In(27) + In A~ +n"A'n) (58)

it can be followed that
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a(5) % pa(x) = exp (= SXTAX  Wx €] xenpl€s + 6~ O
(59)

By comparing Eqgs. (55) and (59), the product of the two Gaussian
distributions will be a scaled Gaussian distribution x ~N(X, X)
with the scale factor of exp(&; + &, — £). The mean vector and the
covariance matrix of the resulting Gaussian distribution can be
defined as follows (Deisenroth et al. 2020)

X=A"n= (A +Ay)"(m +mp)
=@+ 5 TER 2 R,)
T=AT = (A AT = AT (60)

Lemma 3: Trace of a quadratic form
If x € R™*!is a vector, and A € R"*"x is a matrix, then (Kollo
and von Rosen 2006)

x"Ax = r(AxxT) = tr(xx"A) (61)

where tr(.) denotes a matrix trace.
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