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Abstract

Optimal performance of civil infrastructure is an important aspect of liveable cities. A judicious
combination of physics-based models with monitoring data in a validated methodology that
accounts for uncertainties is explored in this paper. This methodology must support asset managers
when they need to extrapolate current performance to meet future needs. Three model-based data-
interpretation methodologies, residual minimization, Bayesian model updating and error-domain
model falsification (EDMF), are compared according to their ability to provide accurate
interpretations of monitoring data. These comparisons are made using a full-scale case study, a
steel-concrete composite bridge in USA. Validation of data interpretation is carried out using
cross-validation (leave-one-out and hold-out). A joint-entropy metric is used to evaluate the extent
to which the data that is used for validation contains information that is independent of data used
for interpreting structural behaviour. Once accurately updated and validated knowledge of
structural behaviour is available, it is employed to make predictions of remaining fatigue-life of
the bridge. Validated identification of structural behaviour helps ensure accurate predictions of
capacity of bridges beyond their design lives. EDMF and a modified form of Bayesian model

updating are analytically and numerically equivalent, while EDMF has several practical
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advantages. Both methods provide accurate identification and safe estimations of the remaining
fatigue life of the bridge. Such enhanced understanding of structural behaviour leads to appropriate

decisions regarding civil infrastructure assets.

Keywords

Structural identification, Bayesian model updating, Model falsification, Cross-validation, Asset

management

1. INTRODUCTION

Due to increasing urbanization and growth of mega-cities, management of existing civil
infrastructure is an important challenge of this century (ASCE 2017). Replacement of all existing
infrastructure at the end of their design-service lives is expensive and not sustainable (Drzik 2019;
World Economic Forum 2014). Already, the architecture, engineering and construction (AEC)
industry is the largest consumer of mined raw materials (Amin and Watkins 2018; World
Economic Forum and Boston Consulting Group 2018). Moreover, most existing civil
infrastructure elements are designed and built using conservative practices due to high perceived
risk. This leads to civil infrastructure that is much safer than design requirements, albeit with
unknown additional capacity, which in this paper, is called reserve capacity. Monitoring and
interpreting structural response can help improve understanding of structural behaviour and
quantify this reserve capacity to enhance decision-making and help avoid unnecessary and

expensive actions such as extensive repair and most especially, complete replacement.

Interpreting monitoring data (strain, acceleration, deflections etc.) using physics-based models,

such as finite element (FE) models, is an inverse task called structural identification (Moon et al.

2



47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

2013). The task is ill-posed due to the presence of uncertainties from modelling assumptions and
measurement (sensor noise). Accuracy of solutions depends upon good estimations of
uncertainties affecting the task of structural identification (Goulet and Smith 2013; Pasquier and
Smith 2015). Due to the importance of uncertainties to obtain accurate solutions, many researchers
have investigated uncertainty sources (Mottershead and Friswell 1993; Soize 2010, 2012). A

summary of uncertainty sources and their categories was provided by Simoen et al. (2015).

Engineering models that have been used to interpret data are conservative (Goulet et al. 2013)
approximations of reality (Walker et al. 2003). Civil engineering models have been shown to
possess large and biased modelling uncertainties (Goulet and Smith 2013; Pai et al. 2018; Pasquier

and Smith 2015), which have to be taken into account during model-based data interpretation.

Residual minimization has been the most popular methodology for data interpretation in practice
(Alvin 1997). This methodology implicitly involves the assumption of zero-mean uncertainties
and no systematic bias. In the presence of typically conservative modelling assumptions, wrong

solutions are likely (Pai et al., 2018; Goulet et al., 2013c; Reuland et al., 2017a).

Bayesian model updating (BMU) (Beck and Katafygiotis 1998) has been used primarily by
researchers. In BMU, probability distributions of model parameters are updated using information
from data. While employing BMU, uncertainties have been traditionally been defined by zero-
mean, Gaussian and independent distributions. When these uncertainty assumptions are not
satisfied, the solutions obtained have been shown to be inaccurate (Goulet and Smith 2013;

Pasquier and Smith 2015; Simoen et al. 2013).

Few researchers have included the effect of model uncertainty when applying BMU (Kwon et al.

2013; Papadimitriou et al. 2001; Simoen et al. 2015). To incorporate the effect of model
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uncertainties in a more rigorous manner, researchers have included hyper-parameters in BMU
(Behmanesh et al. 2015; Brynjarsdoéttir and O’Hagan 2014; Gelman et al. 2013; Huang et al. 2017;
Kennedy and O’Hagan 2001). However, inclusion of hyper-parameters makes the task of structural
identification computationally more expensive and leads to problems of unidentifiability (Kuok
and Yuen 2016). Often, hyper-parameter values are assumed to be invariate over the structure.
Since model bias and other systematic uncertainties come from many sources, this is rarely the

case for civil infrastructure.

To address challenges related to structural identification, Goulet and Smith (2013b) developed a
multi-model probabilistic methodology for structural identification, called as error-domain model
falsification (EDMF). This methodology, based on the philosophy of falsification by Popper
(1959), has been successfully applied for interpretation of civil infrastructure measurement data.
Using EDMF, enhanced predictions of reserve capacity related to remaining fatigue life (Pai et al.
2018; Pasquier et al. 2014), ultimate capacity (Proverbio et al. 2018c) and serviceability (Cao et

al. 2020) have been made.

While many researchers have utilised data to enhance asset-management decision making, a
challenge that has not been addressed is validation of structural-identification solutions. Without
sufficient validation of identification solutions, predictions made using updated models may lead
to non-conservative asset management. Pai et al. (2019) and Proverbio et al. (2018a) suggested the
use of leave-one-out cross-validation to assess accuracy of structural identification solutions.
While such validation may be sufficient for comparing data-interpretation methodologies,
solutions are not necessarily accurate for making predictions outside the domain of the data

(extrapolation).
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In this paper, assessment of validation using information entropy is presented. Structural
identification of a full-scale steel-concrete composite bridge using three data-interpretation
methodologies is carried out using cross-validation strategies. Assessment of data used for
validation is performed using joint entropy. If data utilised for validation contains exclusive
information, i.e., information that is not included in identification, then validation is appropriate
for making predictions to support asset management decision-making. Once structural
identification solutions are validated, an accurate estimation of the reserve capacity of the bridge

with respect to remaining fatigue-life (RFL) becomes possible.

In addition to the contribution described above, a modified BMU methodology is presented. This
methodology has already been shown to be numerically equivalentto EDMF (Pai et al. 2018, 2019;
Pai and Smith 2017; Reuland et al. 2017). In this paper, the analytical equivalence of this new

implementation of BMU and EDMF is presented.

2. DATA-INTERPRETATION METHODOLOGIES

In this section, three data-interpretation methodologies are described. These methodologies require
various assumptions related to the uncertainties affecting the inverse problem of structural
identification. Depending upon the validity of the assumptions made, the solutions obtained using
these methodologies may be either accurate or inaccurate for further use to support the

extrapolations that are part of asset-management decision making.

2.1 Error-domain model falsification

Error-domain model falsification (EDMF) is a model-based probabilistic data-interpretation

methodology proposed by Goulet and Smith (2013b) that builds on more than a decade of research,



112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

including over ten full-scale case studies (Smith 2016). This methodology is based on the assertion

by Karl Popper (Popper 1959) that data can be used to falsify (reject) models than validate them.

In EDMF, models instances with predictions that are incompatible with observations (data) are
rejected. Model instances include the physics-based model with specific input values for model
parameters. In EDMF, these model parameters are quantified as random variables. The probability
distribution of these random variables is estimated using engineering knowledge (Goulet and
Smith 2013; Pasquier and Smith 2015). The Initial model set (IMS) includes various possible

model instances (physics-based model with samples of model-parameters values).

For example, beam depth and modulus of elasticity of a beam are model parameters involved in a
model for beam deflection. In this example, these parameters can be quantified as random variables
and samples of these parameters serve as input to a physics-based model for simulating beam
deflection. Combinations of samples drawn of these parameters and provided as input to the

physics-based model form instances of the IMS.

The task of selecting appropriate parameters to sample and form the IMS is part of model-class
selection. The task of model-class selection involves selecting a model from competing choices
and selection of model parameters that are identifiable using monitoring data (Ljung 2010).
Traditionally, the selection of model parameters for identification (and to form the IMS) is
performed using various forms of sensitivity analysis (Van Buren et al. 2013, 2015; Friedman
1991; Matos et al. 2016). Recently, Pai et al. (2021) have suggested using machine learning
methods to develop a trade-off curve that provides engineers with guidance in selecting a suitable

model class for structural identification.
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In EDMF, when a model in the IMS provides predictions that are incompatible with observations
(measurements) it is falsified (rejected). Model instances that are not falsified after testing against
all measurements form the candidate model set (CMS). These model instances are parameter-value
combinations that, when provided as input to a physics-based model, provide predictions that are

compatible with observations (measurements).

Let a structure be represented by a physics-based model, g(-) and the modelling uncertainty
associated be emodi. Modelling uncertainty arises from assumptions and choices made during
development of the physics-based model. Typical approximations that are involved are modelling
of the boundary conditions, loading conditions and material behavior. These approximations may
differ between models and are made in to accommodate a lack of knowledge or to simplify model

development and thus reduce computational costs of performing simulations.

Quantification of modelling uncertainty associated with a physics-based model is a challenging
and knowledge-intensive task. Simplifications and choices made during model development may
be unique to the model developed. Therefore, the engineer developing the model is an important
source of knowledge to quantify modelling uncertainties (Brynjarsdottir and O’Hagan 2014). With
engineering knowledge, bounds of modelling uncertainty sources may be determined; other
information such as variance is rarely available. With bounds as the only available information
about uncertainties, uniform distributions are the most appropriate choice of probability
distribution for uncertainty quantification. Such a choice also satisfies the principle of maximum
entropy (Jaynes 1957). With more information related to some modelling assumptions, such as
experimentally evaluated probabilistic material models, more precise uncertainty quantification
may be possible. However, such uncertainties rarely dominate structural identification and

subsequent decision making.
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Let measurements recorded on the structure during a monitoring exercise be y. Let the number of
measurements recorded be m and uncertainty associated with measurement at a location i be emeas,i.
For an instance of model parameters, @, provided as input to the physics-based model, let
predictions at measurement locations be, g(@). Let Qi be the real response of the structure at

location i, which is related to measured and model-predicted value, as shown in Eq. (1).

Qi =G (6) + Emod,i =Yi + Emeas,i (1)
Rearranging Eq. (1), provides Eq. (2) shown below, which relates residuals between model
predictions and measurements with combination of measurement and modelling uncertainties at

measurement locations.

91(9) — Yi = €meas,i — €mod, i (2)
For an instance of model parameters, @, the model predictions at sensor locations, g(@), are
assessed for compatibility with measurements, y, in EDMF. This assessment of compatibility is

carried out on the basis of Eqg. (3).

Tiow,i < 9i(0) — ¥i < Thign,; [ €[1,...,m] (3)
In Eq. (3), gi(8)-yi, is the residual between measurement and model predictions at a measurement
location, i. Tiw,i and Thigni are compatibility thresholds calculated for measurement location i.
These compatibility thresholds are calculated based on the modelling and measurement

uncertainties that are affecting the task of structural identification, as shown in Eqg. (2).

Let & be the combined uncertainty at a measurement location i. This combined uncertainty is
calculated by combining modelling uncertainty, emod,i, with measurement uncertainty, emeasi using

Monte Carlo sampling (Cox and Siebert 2006). Other sampling methods such as Latin hypercube
8
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sampling and stratified sampling (McKay et al. 1979) may be used to combine uncertainties from
multiple sources to obtain a combined distribution of uncertainty. To obtain the combined
uncertainty PDF, random samples from modelling and measurement uncertainties are generated
and these samples are combined together (emeasi - €mod,i). Using this combined uncertainty at a

measurement location i, thresholds for falsification, Tiow,i and Thign,i, are calculated using Eq. (4).

o= da (4)

Tlow,i

In Eq. (4), f(ei) is the probability distribution function (PDF) of combined uncertainty at
measurement location i and ¢ is the target reliability of identification. In Eq. (4), ¢ € [0,1] is the
desired target reliability of identification (Goulet and Smith 2013). The target reliability of
identification is a user-defined metric and sets the minimum required probability (level of

confidence) that the ground truth (07) is included in the set of solutions identified using EDMF.

While Eq.4 has an infinite number of solutions, the thresholds, Thigh,i and Tiow,i, are computed as
the ones that provide the shortest interval. Calculation of Thigh,i and Tiow,i may involve numerical
errors directly related to the discretization (sampling) of the combined uncertainty PDF, f(&i). This
numerical error is lower when more samples are generated with random sampling to approximate
the combined uncertainty PDF. However, these numerical precision errors are significantly smaller
than errors from modelling sources (emod,i). In EQ. (4), the term 1/m is the Sidak correction (Sidak
1967), which accounts for m independent measurements used in identification of model

parameters.

If predictions for a model instance, &, does not satisfy Eq. (3) for even one measurement location,
then that model instance is falsified. All falsified model instances compose the falsified model set

(FMS) (Goulet 2012; Goulet et al. 2010; Goulet and Smith 2013) as shown in Eq. (5).
9
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Q' =0€Q Vi: g0 -y € [Tows Thigni )
Falsified model instances are assigned a probability of 0. The remaining parameter instances from

the IMS, Q, whose responses for all measurement locations lie within the thresholds, i.e., they

satisfy Eq. (5), form the CMS. The probability densities attributed to CMS and FMS are shown in

Eq.(6).

0 0eQ

p(0) = ;9 0¢Q (6)

o
Due to a lack of knowledge of uncertainties, no model instance is assumed to be more likely than
another in the CMS. Consequently, all model instances in the CMS are assumed to have a uniform
probability density. As the knowledge of uncertainties is not known completely, the exact
probability of one model instance being more likely than the other is also not known accurately.
This assumption is conservative and accurate under the assumed uncertainty conditions. This
assumption is also compatible with the accuracy of engineering knowledge that is available. It is
important to ensure that the methodologies and representations do not provide a level of detail that

cannot be warranted by the quality of input knowledge. Candidate models are used for making

further predictions using the physics-based model (Pasquier and Smith 2015).

EDMF, when compared with BMU and residual minimization, has been shown to provide more
accurate identification (Goulet and Smith 2013) and prediction (Pasquier and Smith 2015) than
the more traditional methods that are described in Sections 2.2 and 2.3. EDMF is more accurate
due to its robustness to correlation assumptions and explicit estimation of model bias based on

engineering heuristics (Goulet and Smith 2013; Pasquier and Smith 2015).

10
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2.2 Residual minimization

Residual minimization, also called model updating, model calibration and parameter estimation,
originated from the work of Gauss and Legendre in the 19" century (Sorenson 1970). In residual
minimization, a structural model is calibrated by determining model parameter values that
minimize the error between model prediction and measurements. A typical objective function for

residual minimization is shown in Eq. (7).

m 2

6 = arg;nin Z <W> (7)

i=1
In Eq. (7), 0 is the optimum model parameter set obtained by minimising the sum of normalized
square residual between model response, gi(¢), and measurement, yi, for all measurement locations,

e, Vie[l,...m].

Residual minimization requires the assumption that the difference between model predictions and
measurements is governed by the choice of parameter values (Mottershead et al. 2011). This
inherently implies that model bias in civil infrastructure that is caused by application of safe design
models is not taken into account. Moreover, this also requires the assumption that the uncertainties
associated with each residual are independent and have zero means. The presence of systematic
bias may lead to the assumption of independence not being fulfilled (Jiang and Mahadevan 2008;
McFarland and Mahadevan 2008; Rebba and Mahadevan 2006). When these assumptions are not
appropriate, residual minimization may not provide accurate identification (Beven 2000). Any
model is intrinsically imperfect due to parameter-value compensation and ill-posed nature of
structural identification task (Atamturktur et al. 2015; Beck 2010; Goulet and Smith 2013; Moon
et al. 2013; Neumann and Gujer 2008). However, the simplicity of this methodology has made it

11
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popular for use in structural (Brownjohn et al. 2001, 2003; Chen et al. 2014; Feng and Feng 2015;
Mosavi et al. 2014; Sanayei et al. 2015) and geotechnical (Hashemi and Rahmani 2018; Levasseur

et al. 2008; Rechea et al. 2008; Zhang et al. 2013) applications, among many others.

While identification with residual minimization may occasionally be accurate, prognosis and
predictions with models updated using residual minimization are limited to the domain of data
used for calibration (Schwer 2007). Therefore, calibrated model-parameter values may be suitable
for interpolation predictions (within the domain of data used for calibration) (Schwer 2007). They
are, however, not suitable for extrapolation (predictions outside the domain of data used for

calibration) (Beven 2000; Mottershead et al. 2011).

2.3 Bayesian model updating

BMU is a data-interpretation methodology that is based on Bayes' theorem (Bayes 1763). Use of
BMU for structural identification was popularized in late 1990's (Alvin 1997; Beck and
Katafygiotis 1998; Katafygiotis and Beck 1998). In BMU, prior information of model parameters,
p(0), is conditionally updated using a likelihood function, p(y|6), to obtain a posterior distribution

of model parameters, p(@]y), as shown in Eq.(8).

v -p(¥16)
p(@ly) = o) (8)

In Eq.(8), p(y) is a normalization constant. The likelihood function, p(y|6) is the probability of
observing the measurement data, y, given a specific set of model-parameter values, 6. The
likelihood function leverages information gained from measurements to create a mapping between
residuals (difference between model predictions and measurements) in error domain, =, and the

parameter domain, Q (Goulet and Smith 2013).
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2.3.1 Traditional Bayesian model updating

Traditionally, BMU has been carried out using a L2-norm-based Gaussian PDF, as a likelihood

function, as shown in Eq.(9).

1 —_
p(¥16) o constant - [ 28@-»"=7(g(0)-y)] ©)

In Eq. (9), g(0) - v, is the residual between model response, g(6), and measurements, y and X is a
covariance matrix that consists of variances and correlation coefficients of uncertainties for each

measured location.

In this traditional application of BMU, uncertainties at measurement locations are assumed to be
defined by independent zero-mean Gaussian distributions (Beck et al. 2001; Ching and Beck 2004;
Katafygiotis et al. 1998; Muto and Beck 2008; Yuen et al. 2006). In addition, the variance in
uncertainty, ¢? is assumed to be the same for all measurement locations, which leads the covariance
matrix to be a diagonal matrix, with all non-zero terms being equal. However, the dubious
assumptions of a Gaussian distribution for model uncertainty (Tarantola 2005) and uncorrelated
error (Simoen et al. 2013) are rarely satisfied in civil-engineering systems and this leads to wrong

updated probability distributions (Goulet and Smith 2013; Pasquier and Smith 2015).

2.3.2 Modified Bayesian model updating

To alleviate shortcomings of traditional BMU, a box-car likelihood function is presented in this
section. This likelihood function is more robust to incomplete knowledge of uncertainties and
correlations compared with traditional assumptions of normality and independence. Moreover,
model updating with a box-car-shaped likelihood function has been shown numerically to provide

results that are compatible with those obtained using EDMF (Pai et al. 2018, 2019; Pai and Smith

13
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2017; Reuland et al. 2017). In this section, this compatibility is demonstrated analytically, which

complements the numerical compatibility that has been observed previously.

The modified L. norm-based Gaussian likelihood function is developed using the thresholds (Tiow
and Thigny determined for EDMF. The objective of this new likelihood function is to update
knowledge of structural behaviour in the presence of biased, non-Gaussian sources of uncertainty

with unknown correlations. A generalized Gaussian distribution is defined as shown in Eq.(10).

(10)

Eqg. (10) is valid for a random variable X, based on x-norm with mean, ux, and standard deviation,
ox. AS k — o, p(X|6,x) tends to a box-car shape. The likelihood function, p(y|8), for infinity norm
is given in Eqg. (11)

120, for py—0,<9g(0)—y < u,+ 0,

) (11)
0 otherwise

p(yle) = {

In Eq. (11), parameters of the likelihood function ux and &%, are determined using Eq. (12) and
Eq.(13). The random variable x represents the combined uncertainty associated with the structural

identification task, ei.

Thigh + Tlow

5 (12)

Hy =

O = Thigh — Hy (13)

In using Eq. (12) and Eq.(13), Tiow and Thigh are the thresholds computed for EDMF using Eq. (4)

for a target reliability of identification, ¢ (assumed to be equal to 0.95 in this paper). The likelihood

14
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function is developed with no inherent assumptions related to the distribution and bias of combined

uncertainty at measurement locations.

Figure 1 shows a graph of the likelihood function developed based on the EDMF thresholds for
application of modified BMU on a full-scale bridge that is explained later on in this paper. In the
uncertainty (error) domain, the likelihood function and the thresholds for EDMF define a similar

region as shown in Figure 1.

=
-

Probability

b
F

<

} 1 J
-20 -10 0 10 20
Combined uncertainty, €,

=== == EDMF Thresholds
------- L 500 Gaussian likelihood function
Zero-mean Gaussian likelihood function

Figure 1 Comparison between Lo-norm Gaussian likelihood function and EDMF thresholds

In Figure 1, marginal PDF of uncertainty at a measurement location, i estimated as a L200-norm
Gaussian likelihood function (approximation of a L»-norm Gaussian function) is shown, which is
calculated using Eq. (10(11) with shape factor, x = 200. This PDF of uncertainty has bounds similar
to the EDMF thresholds, Tiow and Thigh, which are calculated using the combined uncertainty at a
measurement location i using Eq. (4). Figure 1 also shows a comparison of traditional bell-shaped
L2-norm-based Gaussian likelihood function (see Eg. (9) with an L2oo-norm-based Gaussian

likelihood function estimation of uncertainty at measurement location i. The modified likelihood

15
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function explicitly accounts for model bias and makes conservative estimations of uncertainty

(Jaynes 1957) at a measurement location with incomplete information (thresholds or bounds).

Let g(8) be the model of a structure with parameters . In the absence of complete information
related to model parameters, the prior PDF of these parameters, p(#), can be assumed to be
uninformative, with a uniform density p. The probability distribution of these parameters can be
updated using Eq.(8) using information from measurements y. Eq. (14) provides the posterior PDF,
p(@ly), of model parameters, @, using the Lo-norm-based Gaussian likelihood function as defined

in Eq.(11).

p 120, <g@) —y<pu+
—_—, or — 0y = — S 0
p@ly)={ pO) Hx G =Y =y (14)

0, otherwise

Eq. (14) provides posterior PDF of model parameters based on the residual between model
predictions, g(#) and measurements, y. According to Eq.(14), the posterior probability distribution
for model parameters @, which satisfy the condition, px - 0w < g(8) -y < ux+ 0w, are distributed
with density p/20., - p(y). Let this region of model parameters with non-zero probability be
denoted by Qmemu. Substituting Eqg.(12) and Eq.(13) into the condition defining the region Qmawmu,
the new condition for this region based on the EDMF thresholds is 8 € Qmemu for g(0) —y €
[Tow> Thign]. Comparing this with Eq.(6), the non-zero probability region obtained using EDMF
(CMS) is the same as Qmemu , Which is obtained using BMU with a box-car likelihood function.

The space defined by Qmemu is equivalent to the space CMS defined for EDMF using Eq. (6).
Since the posterior probability density under both sets of parameter space is defined as a constant

(see Equations (6 and (14) and since the integral of the posterior PDFs for both sets have to be

equal to 1, the posterior densities of the updated parameter spaces are equal.
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EDMF is more robust to assumptions about correlations between uncertainties at various sensor
locations than implementations using Gaussian distributions (Goulet and Smith 2013). This has
been demonstrated to be an important condition to obtain accurate structural identification (Simoen
et al. 2013). Furthermore, changes in values of systematic uncertainties, such as boundary
conditions, can change correlations between uncertainties (Goulet and Smith 2013). BMU with
L«-norm-based Gaussian likelihood function provides results that are equivalent to EDMF and are
robust to changes in correlations between uncertainties at sensor-location pairs, as shown in Figure

2.

-4 -4 4
2 0 2 220 2 4 200 2
r r r
1 1 !
(a) p=0 (b) p=-08 (c) p=+0.8
. Uncertainty samples

EDMF thresholds

---------- Boundary of L5y norm-based
Gaussian likelihood function

Figure 2 Robustness to changing correlations

Figure 2 shows samples of error between model response and measurement, r1 and rz, for two
measurement locations assuming three different correlation values. In Figure 2 (a), the correlation
between samples of r1 and r2 is zero, i.e., r1 and r2 are independent. As shown in the figure, the

threshold bounds and high-density region of the L.-norm-based Gaussian likelihood function

17
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overlap. The bounded region includes at least 95 percentile of the error samples. In Figure 2 (b)
and (c), correlations between the error samples are -0.8 and 0.8, respectively. For both of these
scenarios, the bounded region includes at least 95" percentile of the error samples. Therefore,
BMU with the L.-norm-based Gaussian likelihood function is robust to changes in correlations

and provides robust results in a similar way to EDMF.

Application of EDMF has practical advantages compared with this modified implementation of
BMU. Development of the likelihood function, which involves conditional probabilities, is more
complex and is less compatible with typical engineering knowledge and practise. EDMF has a
simpler and easy-to-understand updating criteria using threshold bounds. Additionally, grid
sampling with EDMF is analogous to typical trial and error methods used in practise. BMU
typically involves adaptive sampling methods such as Markov Chain Monte Carlo (MCMC)
(Tanner 2012). Moreover, the L»-norm-based Gaussian likelihood function is approximated using
a L2oo-norm-based Gaussian likelihood function for implementation as shown in Figure 1. Such
approximations lead to differences between solutions obtained with EDMF and modified BMU.
A detailed evaluation of practical advantages of EDMF compared with this modified Bayesian

implementation is provided by Pai et al. (2019).

3. VALIDATING STRUCTURAL IDENTIFICATION

Validation of structural identification of full-scale case studies is a challenging task. In full-scale
case studies, the true parameter values (ground truth) is not known. Methods for cross-validation
provide indications of the accuracy of structural identification solutions without knowledge of the
ground truth. In the next section, two methods of cross-validation for structural identification are

presented.
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3.1 Validation

EDMF, compared with traditional BMU and residual minimization, has been shown to provide
accurate model updating for theoretical cases using simulated measurements (Goulet and Smith
2013; Pasquier and Smith 2015). In these theoretical comparisons, the ground truth values are
known. For assessment of accuracy of full-scale structures, data-driven methods can potentially

provide quantitative validation.

Comparisons of EDMF with traditional BMU and residual minimization have been made for full-
scale case studies using leave-one-out cross-validation (Pai et al. 2019) and hold-out cross-
validation (Pai et al. 2018). In these comparisons, one or more measurements (data points) are
excluded during identification. Subsequent to identification, the updated parameter values are used
to predict response at measurement locations that were excluded. If the predicted response is
similar to the measurement value, then structural identification is assumed to be validated (Vernay

et al. 2018).

EDMF and modified BMU provided updated parameter distributions, which when used to predict
response (with modelling uncertainties) provide prediction distributions that may be assumed to
be uniformly distributed. Bounds of these updated prediction distributions must include the
measured value left out from structural identification for solutions obtained to be accurate. If the
updated prediction bounds do not include the measured value, then structural identification is

inaccurate, as shown in Eq. (15).

1 fory; € [min[gi(e"), max|[g; (0")]]]
Accuracy, ¥; = (15)

0 fory; ¢ [min[gi @e"), max[gi(é?")]]]
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In Eq. (15), Wi is a binary variable with value equal to 1 for accurate structural identification and
0 for inaccurate structural identification at a measurement data point i, which is held out for
validation. In the equation, 8”, are instances from updated model parameter distributions obtained

using EDMF and modified BMU.

Predictions with updated model-parameter distributions obtained using traditional BMU leads to
informed (not uniform) prediction distributions. To assess accuracy, measurement recorded may
either be compared with the median value or with the 95™ percentile bounds of the updated
prediction distribution. In this paper, traditional BMU is assessed to provide accurate structural
identification when the measurement value lies within the 95" percentile bounds of the updated
prediction distribution as shown in Eq. (16).

1 fory; €[Pos(g:(6M)]
Accuracy, ¥; = (16)

0 fory; &[Pes(g:(6M)]
In Eq. (16), Pgs are the 951 percentile bounds of the updated prediction distribution, gi(6”), at a
measurement point i. Similarly, residual minimization is taken to provide accurate identification
when the updated prediction lies close to the measurement value (within 95™ percentile bounds of
measurement uncertainty, no modelling uncertainty considered in residual minimization), as
shown in Eq. (17).

1 for gi(é) € [Pgs(yl' + emeas,i)]
Accuracy, ¥; = (17)

0 for gi(é) ¢ [Pgs()’i + Emeas,i)]

In Eq. (17), vyi, is a measurement held out from structural identification and emeasi is the

measurement uncertainty associated with the recording. Pgs are the 95" percentile bounds of the
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measured value including measurement uncertainty. gi(é) is the prediction at measurement point,

i, with updated optimal parameter instance, .

Equations, (15), (16) and (17), provide conditions to determine whether updated predictions at
locations of measurements not included for structural identification are accurate. However, in data-
driven methods for cross-validation (Golub et al. 1979; Kohavi and others 1995) such as leave-
one-out and hold-out cross-validation (Hong and Wan 2011), the data points left out may or may
not contain new information. If information contained in the validation dataset is not exclusive,

then validation with redundant data is not suitable for assessment of accuracy.

No research so far has been carried out to assess exclusivity of information in validation data and
suitability of validated solutions for making further predictions to support asset management
decision-making. In the next section, the concept of joint entropy and information gain is
introduced. This concept helps assess whether data used for validation contains exclusive

information.

3.2 Joint entropy and mutual information

Information entropy was introduced as a sensor-placement objective function for system
identification by Papadimitriou et al. (2000). Information entropy is a measure of disorder in
predictions obtained at a sensor location due to changes in model-parameter values (Robert-
Nicoud et al. 2005). High values for information entropy indicate higher disorder in model-
instance predictions, and this makes these locations attractive for sensor placement. Consequently,
response at these locations (model predictions) is more sensitive to variations in structural

behaviour (parameter values) than at locations having low entropy values. Therefore,
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measurements at high entropy locations have more potential to improve structural identification

than at low-entropy locations.

Within any system, measurements are typically correlated, leading to redundancy in information
gain. Papadopoulou et al. (2014) developed a joint entropy metric to assess information gain from

measurements from multiple sensors, while accounting for redundancy.

Let H(gii+1) be the joint entropy of predictions at measurement locations i and i+1. Let H(gi) and
H(gi+1) be the information entropy at these measurement locations. Joint entropy, H(gii+1) is less
than or equal to the sum of individual information entropies, H(gi) and H(gi+1) due to redundancy
in information gain, 1(gii+1). This redundancy in information, 1(gii+1), can be calculated using Eq.

(18).

H(gii+1) = H(9:) + H(9i+1) —1(Gi,i+1) (18)
Eq. (18) can be re-ordered to calculated the mutual (redundant) information, 1(gii+1), between
measurements at two sensor locations. Consequently, Eq. (18) may be extended to sets of data

from multiple sensors as shown in Eq.(19).

H(gap) = H(ga) + H(gs) — I1(ga) (19)

In Eq. (19), A and B are two sets of measurement locations. H(ga) and H(gs) are the joint entropies
for predictions at these two sets of locations. The total joint entropy including locations in sets A
and B is H(ga.s). The redundancy in information between these two sets of model-predictions data
is 1(gaB).

In Eq. (19), let A be a set of measurement locations, data (measurements) from which is used for

structural identification (identification set). Similarly, let B be a set of measurement locations, data
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(measurements) from which are held-out for validation after structural identification (validation
set). Redundancy in information between data used for identification and validation, 1(gag), may

be calculated using Eqg. (19), as shown in Eq.(20).

1(gap) = H(ga) + H(gs) — H(ga) (20)
Validation of structural identification is accurate when data used for validation provides new
information regarding structural behaviour, which is not available in the data used for
identification. This new information may be assessed using the metric of information entropy as
shown in Eq. (19). Exclusive information in validation set B, Es, which is not included in

identification set A, is calculated as shown in Eq. (21).

Ep = H(gp) — I(QA,B) (21)
In Eq. (21), the quantity H(gs) is the joint entropy of validation set B and 1(ga,s) is the redundancy

in information between identification set A and validation set B. 1(gas) is calculated using Eq.(20).

Let m measurements be available for structural identification. In leave-one-out cross-validation,
one measurement is held out from identification for validation. Structural identification is
performed using m-1 measurements (identification set A). The measurement held out is the
validation set B. The exclusive information available for validation using this one measurement is
calculated using Eqg. (21). As m measurements are available, m iterations of validation by leaving

each sensor out can be carried out.

For holdout cross-validation, instead of only one measurement, let h measurements out of m be

held out for validation. In this case, the identification set includes m-h measurements, which forms
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the identification set A. The validation set B includes h measurements. The exclusive information

in set B, not available for identification in set A, is calculated using Eq. (21).

For both validation methods, data used for validation must include new and exclusive information
to be able to assess accuracy of structural identification. Low or negative values of exclusive
information, Es, indicate either uninformative data, i.e., low H(gs) or large redundancy in

information between identification and validation data i.e., high 1(gazg).

In the next section, the application of structural identification methodologies for evaluation of a
full-scale bridge case study is presented. The results of structural identification are assessed using
leave-one-out and hold out cross-validation methods. Subsequent to assessment of accuracy of
structural identification, fatigue life of the bridge at a critical detail is evaluated using updated

knowledge of structural behaviour acquired using measurements.

4. POWDER MILL BRIDGE

In this section, the three data-interpretation methodologies described previously have been applied
for structural identification of the Powder Mill Bridge (PMB) (Follen et al. 2014) shown in Figure
3. This bridge has also been called the VVernon Avenue Bridge (Sanayei et al. 2011). The PMB is
a steel-concrete bridge built over the Ware river in Barre, Massachusetts, USA. The bridge was

built in 2009 and connects the state highway with a depot road that services mainly truck traffic.
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469 (a) Truck over PMB (b) Side view of PMB

470  Figure 3 Powder Mill Bridge (PMB) located in Massachusetts, USA.

471  Figure 4 shows a schematic drawing of the PMB. This bridge has three spans with a total length
472  of 47 m. The bridge has a concrete deck, which is supported by six I-section steel girders as shown

473  inthe figure.

o
North
Concrete deck \)ig —>
Steel girder |
A B QJ_Z) C D
11750 23500 11750
(a) Longitudinal schematic of Powder Mill Bridge
Truck load
200 1400
Gl G2 G3 G4 G5 G6 ¥ Strain gauge locations
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474 (b) Transverse schematic of Powder Mill Bridge at X-X

475  Figure 4 Schematic drawing of the Powder Mill Bridge
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4.1 Load test and measurements

A load test was performed on the PMB. During the load test, a truck weighing 33 tonnes was
driven across the bridge at a speed of 10 km/h to avoid dynamic amplification effects. The
transverse alignment of the truck on the bridge is shown in Figure 4 (b). The response of the bridge
to this truck loading was recorded using strain gauges. Strain gauges were placed on the lower
flange of the steel girders as shown in Figure 4 (b). The placement of the gauges in plan view is

shown in Figure 5. In total, 20 strain gauges recorded structural response during the load test.

A B C D
Gl Slﬁ ﬁSZ *SS Sﬁ *SS
G2 S({t’ ﬁ? *SS S)* *Sl()
G3 51& 512-- SH 514 *SIS
817" '
G4 Slg? | * S18 Sl& _*520
G5
Go
A B C D

77 Strain gauge used in structural identification

% Strain gauge used for hold-out validation

Figure 5 Location of 20 strain gauges installed on the bridge to record data during the load
test. Data from 8 sensors is used for identification (and leave-one-out cross-validation). Data
from remaining 12 sensors is used for hold-out cross-validation of structural identification.

Strain from 8 sensors, S1, S2, S6, S7, S11, S12, S16 and S17, shown in Figure 5 are used in this
paper for structural identification of the PMB. Data from other sensors is held-out for cross-
validation. The data utilised for structural identification corresponds to the point in time when

movement of the truck leads maximum strain recorded in S13 (see Figure 5).

The objective of measuring this bridge is to update a FE model and enable better prediction of the
remaining fatigue-life (RFL) of the bridge. A fatigue critical detail on the bridge that has been
identified is a welded cover plate detail near support C at the bottom flange of girder G2 (see
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Figure 5). In the next section, the development of a FE model of the bridge and estimation of

uncertainties affecting the task of structural identification are described.

4.2  Model development and uncertainties

To interpret data recorded during the load test, a finite element (FE) model of the bridge has been
developed in Ansys (APDL 2010). In the FE model, the concrete deck is modelled as a
homogeneous slab using four-node SHELL182 elements (ANSYS 2012). The steel girders are

modelled using SHELL182 elements.

The connection between the steel girders and concrete deck (in transversal and longitudinal
directions) is modelled using zero-length spring elements (COMBIN14). The end supports of the
bridge (support A and D) and intermediate supports (Support B and C) are modelled with zero-
length spring elements (COMBIN14) with parameterized stiffness in longitudinal and vertical
directions. Springs belonging to each support have been parameterized individually to account for

any changes in structural behaviour between supports.

The footpath on the bridge and the railings also contribute to bridge structural behaviour (Sanayei
et al. 2011). However, stiffness of the connection between the concrete deck and railings is not
known. Thus, the deck slab thickness and thickness of the deck and railing at the edge of the bridge
are parameterized in the FE model. Table 1 shows the parameters included in the FE model and

the prior distributions assumed for these parameters based on engineering heuristics.
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Table 1 Parametric sources of uncertainty in the model and their range

Index Parameter Variable Range
1 Modulus of elasticity of concrete (GPa) Ec 20-55

2 Modulus of elasticity of steel (GPa) Es 195-210
3 Thickness of deck slab (mm) Ha 200-210
4 Height of concrete slab, sidewalk and railing (mm) Hr 300-500
5 Deck-girder connection stiffness, transversal (log N/mm) Kagx 2-6

6 Deck-girder connection stiffness, longitudinal (log N/mm) Kdg.z 4-10

7 Vertical stiffness of abutment A (log N/mm) Kiy 4-7

8 Horizontal stiffness of abutment A (log N/mm) K1, 2-5

9 Vertical stiffness of pier B (log N/mm) Kay 4-7

10 Horizontal stiffness pier B (log N/mm) K, 2-5

11 Vertical stiffness of pier C (log N/mm) Kay 4-7

12 Horizontal stiffness of pier C (log N/mm) Ks; 2-5

13 Vertical stiffness of abutment D (log N/mm) Kay 4-7

14 Horizontal stiffness of abutment D (log N/mm) Ka,; 2-5

Not all parameters included in the FE model influence structural behaviour significantly. Based on
a sensitivity analysis, a model class is chosen for structural identification. The parameters included
in the model class for structural identification are Ec, Hr, Kagx, K2y and Ksy. The prior distributions

of these parameters are presented in Table 1.

Identification of the five parameters in the model class is carried out using three data-interpretation
methodologies in this paper. The task of structural identification is computationally expensive,
especially when it has to be repeated for three methodologies. To alleviate the computational load,
the FE model has been replaced with a set of surrogate models. One simulation with a FE model
takes a few minutes (approximately five minutes using an Intel(R) Xeon(R) CPU E5-2670 v3
@2.30GHz processor) while one simulation with surrogate models takes less than a second. The
computational cost of using an FE models increases drastically when thousands of simulations
have to be performed to search for solutions using the data-interpretation methodologies.

Therefore, use of surrogate models successfully alleviates this computational cost.
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The methodology adopted for development of the surrogate models is Gaussian process regression.
One regression model each has been developed to replicate the FE model response at each sensor
location. The surrogate models are trained and validated (hold-out) using data simulated using the

FE model for various parameter-value combinations based on the model class for identification.

Updating the parameters requires assessment of uncertainties affecting the task of structural
identification. Uncertainties are given in Table 2. Measurement uncertainty is estimated based on

knowledge of sensors.

Load uncertainty includes uncertainty from the magnitude of the truck load and uncertainty in its
position on the bridge. This uncertainty is quantified by varying the position of the truck and its
load within reasonable limits based on engineering heuristics. The affect of this variability on the
model response at sensor locations is used to quantify the load uncertainty related to magnitude

and position.

Model bias is estimated based on an engineering understanding of assumptions made during model
development. Assumptions involved in development of the model include the choice of finite
element, modelling of the boundary conditions as springs and homogeneous modelling of the
concrete slab. While no objective quantification of these assumptions is possible (Goulet et al.
2013), model bias, as tabulated in Table 2, is largely based on the engineering knowledge that is

available.

Surrogate model uncertainty is the error between surrogate model predictions and predictions
obtained using the FE model. This uncertainty is estimated based on hold-out cross-validation of

the surrogate models.
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Table 2 Uncertainty sources and their distribution (%0). Uncertainty from measurements is
quantified as normal distributions (N) and uncertainty from other sources are quantified as
uniform probability distributions (U).

Source Distribution
Measurement N (0, 5)
Load U (-5, 5)
Model bias U (-15, 5)
Surrogate model uncertainty U(-1,1)

Apart from the uncertainties listed in Table 2, there is uncertainty from parameters in the FE model
that have not been included in the model class for identification. This parameter uncertainty is
calculated using the FE model and is estimated to be uniformly distributed with bounds -15% and

+ 5% at all sensor locations.

Combining uncertainties from Table 2 with parameter uncertainty (-15% to +5%), structural
identification of the PMB is carried out. These uncertainties are combined together to obtain the
combined uncertainty PDF as explained in Section 2.1. This combined uncertainty is utilised to
calculate the falsification thresholds for EDMF using Eq.(4) and the likelihood functions for

traditional and modified BMU using Eq.(9) and Eqg. (10).

4.3 Structural identification

Structural identification for the PMB using data from eight strain gauges has been carried out using
EDMF, traditional BMU, modified BMU and residual minimization. In Figure 6, marginal
posterior PDFs of model parameters obtained after structural identification using EDMF,

traditional BMU, modified BMU and residual minimization are presented.

In Figure 6, initial model instances identified as compatible with measurements using EDMF
(CMS) and modified BMU (Qmsmu) are similar. This equivalency in identification between

EDMF and modified BMU has been demonstrated analytically in Section 2.3.2. However, in
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Figure 6, the bounds of parameters Ec and K2y identified using EDMF and modified BMU are
similar but not the same due to variations in the sampling methodologies adopted and
approximation of the box-car likelihood function using a Lz200-norm-based Gaussian likelihood
function (instead of a L--norm-based Gaussian likelihood function). Also, EDMF utilizes an
engineering compatible grid sampling (Pai et al. 2019), while modified BMU is carried out using
MCMC sampling (Tanner 2012). Due to these differences in practical application of EDMF and

modified BMU, results obtained with these methodologies may differ.

Updated PDFs of model parameters obtained using traditional BMU and the optimal parameter
values obtained using residual minimization are shown in Figure 6. While Figure 6 shows the
updated parameter distributions, it does not provide any information regarding accuracy of the
updated parameter distributions. In the next section, multiple cross-validations have been carried

out to assess accuracy of structural identification solutions obtained.
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Figure 6 Histogram of joint posterior PDF obtained using traditional BMU and optimal
parameter values obtained using residual minimization

4.4 Cross-Validation

Cross-validation methods are used to assess accuracy of structural identification and validate the
assumptions made in uncertainty estimations. In the next few sections, validation methods, leave-
one-out and hold-out cross-validation for assessment of structural identification solutions, are

presented.

4.4.1 Leave-one-out cross-validation

In leave-one-out cross-validation, one data point among a set of m data points available is omitted.
Using the m-1 data points, structural identification is carried out to obtain an updated distribution
of model parameters. This updated model parameter distribution is then provided as input to the
physics-based model to predict the response at the location of the data point left out. If the updated
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predictions are compatible with the omitted measurement, then structural identification is accurate

for this measurement location. This process is then repeated m times to independently assess

identification at each measurement location.

Figure 7 shows a comparison of predictions made using updated knowledge of model parameters

with measurement left out. The structural identification is carried out using 7 sensors with one

sensor left out for each scenario. The comparisons shown in the figure indicate that structural

identification carried out using EDMF and modified BMU are accurate for every case. Residual

minimization and Traditional BMU are not accurate for the case studied in Figure 7c. This is also

supported by evaluations using equations (15), (16) and (17). Nevertheless, the updated predictions

using all data-interpretation methodologies are comparable to the measured structural response.
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Figure 7 Leave-one-out cross validation of identification results obtained using the four data-

interpretation methodologies.
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However, an assumption made during leave-one-out cross-validation is that each data point left
out provides new information that is not available in the dataset (m-1 data points) used for
identification. Exclusive information contained in data point left out (set B) compared with
information contained in dataset for identification (set A) can be calculated using Eq. (21). The
exclusive information contained in the sensor left out, relative to information from all 8 sensors,

H(gas), is shown in Figure 8.

Mutually exclusive information (%)

ST _SI1 _SI2 SI6 SI7 82 S6  S7
Sensor index

Figure 8 Exclusive information in sensor omitted for leave-one-out cross-validation. The
sensors left out generally contain redundant or little new information for validation.

In Figure 8, exclusive information provided by sensor left-out compared with information from
the other 7 sensors for identification for each case of leave-one-out cross-validation is shown. For
most sensors, the sensor left out shows negative values, which indicates redundant information
and over-instrumentation. Therefore, most sensors provide no new information for leave-one-out
cross-validation. Consequently, validation with leave-one-out cross-validation is not appropriate

to justify accuracy of structural identification in this situation.
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4.4.2 Hold-out cross-validation

In hold-out validation, a second and independent dataset is used for validation, i.e., data that has
not been used for structural identification in a similar way to training and validating artificial neural
networks. Structural identification for the PMB has been carried out using data from eight strain
gauges (identification set A), shown in Figure 5. In addition to these eight strain gauges, there are
twelve strain gauges (validation set B), as shown in Figure 5, data from which is utilized in this
section for hold-out cross-validation of structural identification solutions. Exclusive information
from these twelve strain measurements compared with information from eight strain gauges is
calculated using Eg. (21). This exclusive information is calculated to be 16% of the total
information from the twenty measurements (8 in set A and 12 in set B) available. Figure 9 shows
a comparison of updated predictions at the held-out sensor locations with measured structural

response.

As shown in Figure 9, updated predictions obtained using all methodologies are not compatible
with measurements at all sensor locations. EDMF and modified BMU provide accurate, albeit
imprecise, prediction bounds that include the measured structural response for all sensor locations.
Traditional BMU and residual minimization provide more precise updated model predictions than
EDMF and modified BMU. However, the predictions are not compatible with measurements at all

sensor locations (for example, see predictions at sensors S8, S9, S13, S14, S15 and S18).

Using equations (15), EDMF and modified BMU are evaluated to provide accurate updated
predictions at all measurements held out (overall accuracy = 100%). Using (16), traditional BMU
is evaluated to provide accurate updated predictions for only 5 out of 12 measurement locations
held out (overall accuracy = 5/12*100 = 42%). Similarly, assessing accuracy using Eq. (17),

residual minimization provides accurate updated predictions for only 5 out of 12 measurement
35



649 locations held out (overall accuracy = 5/12*100 = 42%). Therefore, traditional BMU and residual
650  minimization do not provide accurate structural identification even for a relatively low amount

651  (16%) of new information in the held-out data set.
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653  Figure 9 Hold-out cross validation of identification results obtained using the four data-
654 interpretation methodologies. EDMF and modified BMU provide identification results that
655  are accurate even when validated with mutually exclusive information.

656 4.4.3 Hold-out cross-validation using measurements from a second load test

657  Asecond load test was performed on the PMB, similar to one described in Section 4.1. During this

658 load test, a truck weighing 33 tonnes was driven across the bridge at a speed of 10km/h. The
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alignment of the truck on the bridge is shown in Figure 10. The response of the bridge to this truck
loading was recorded using strain gauges placed on the lower steel beam flanges of PMB. The
location of these gauges in plan view is shown in Figure 5. In total, 18 strain gauges recorded

structural response during the load test.

A B C D
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G4 Slg _*817 « S18 Sl‘)* _
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A B C D

¥ Strain gauge used for hold-out validation

Figure 10 Plan view of second load test on the PMB showing location of 18 strain gauges and
position of the truck load. Data from these strain gauges is used for cross-validation of
structural identification solutions. Sensors S15 and S20 shown in Figure 5 were not working
during this second load test.

Data from sensors shown in Figure 10 are held-out for cross-validation. The data utilised
corresponds to the point in time when movement of the truck leads to maximum strain recorded in
S13 (see Figure 10). Figure 11 shows few cases of updated predictions made at sensor locations

S4, S9, S14 and S19 (strain predictions close to support C-C, see Figure 10).
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Figure 11 Examples of holdout cross-validation using measurements from a second load test,
demonstrating inaccurate identification using traditional BMU and residual minimization.
This second load test (18 measurements) has 40% exclusive information compared with
information from load test data used for structural identification.

For cases shown in Figure 11, traditional BMU and residual minimization provide precise
predictions (low variability), which are biased from the measured value, indicating inaccurate
identification. Conversely, EDMF and modified BMU provide wide bounds of predictions (large
prediction variability), which include the measured value and therefore provide accurate structural
identification. Additionally, due to similarity in solutions obtained with EDMF and modified

BMU, the prediction bounds obtained are also similar.

For the eighteen measurements used in cross-validation, traditional BMU provided accurate
predictions (see Eq. (16) at nine sensor locations leading to an overall accuracy of 50% (9 out of
18). Residual minimization is also found to provide accurate predictions (see Eq. (17) for nine out
of eighteen validation predictions (50% accuracy). EDMF and modified BMU provided accurate

predictions (see Eq. (15) for seventeen out of eighteen cases (95% accuracy).

EDMF and modified BMU provide accurate structural identification. Moreover, predictions
obtained using both methodologies are similar with differences arising only from use of different
sampling strategies for structural identification. In the next section, the validated structural
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identification solutions have been used to predict the remaining fatigue life of a critical detail on

the Powder Mill Bridge.

4.5 Remaining fatigue life prediction

Using updated model parameter distributions obtained using the application of data-interpretation
methodologies, reserve capacity of PMB is predicted with respect to its RFL. The critical detail
evaluated for fatigue is a welded connection located on girder G2, close to north pier (support C,

near sensor S10, see Figure 9).

The category of this detail is *C°, which has a detail constant, A, of 44 ksi®. This detail has also
been evaluated by Saberi et al. (2016). Based on in-service measurements carried out on the bridge,
the average daily truck traffic (ADTT) is 255 vehicles/day. The RFL of PMB is predicted using
reference manual (AASHTO 2016), as shown in Eqg. (22).

RR " A

. a—1
365 - ADTT [Aop? 91 +9)" + 1] 22)
log(1+ g9)

In Eq. (22), Rr is the resistance factor, which is equal to 1, A is the detail constant and n is the

log
RFL =

number of cycles per truck passage, equal to 2. In the equation, g is the annual growth of traffic in
percentage, which is assumed to be 1% and the variable, a, is the present age of the bridge, which
during measurements was 11 years. Ao in the equation is the effective stress range (ksi). The
effective stress range for PMB is computed using the FE model with the fatigue load as specified

by the design code. Based on Eq. 10, the predictions of RFL are shown in Figure 12.

In Figure 12, using updated information of model parameters uncertainty in RFL prediction of the
PMB is reduced. EDMF and modified BMU predict a minimum RFL of 620 and 610 years

respectively. Updated model parameter distributions obtained using both these methods have been
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validated using leave-one-out and hold-out cross-validation. Therefore, a minimum RFL of the
PMB may be estimated to be 610 years. This value is significantly higher than the design RFL of
64 years. This reserve capacity may be utilised to guide asset-management decisions, such as

replacement and possible retrofit actions due to loading changes, in the future.
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Figure 12 Updated RFL prediction of a critical welded detail using identification results
obtained using the four data-interpretation methodologies. Traditional BMU and residual
minimization provide a likely RFL greater than the minimum value estimated using EDMF
and modified BMU. As these two methodologies are assessed to provide inaccurate structural
identification, the predictions of RFL may be un-conservative for decision making.

Residual minimization and traditional BMU (using the maximum a-posteriori estimate) predict a
RFL of approximately 670 years. This value is greater than the minimum RFL predicted by EDMF
and modified BMU. Moreover, structural identification using residual minimization and traditional
BMU has been assessed to be potentially inaccurate using hold-out cross-validation. Therefore,
residual minimization and traditional BMU provide un-conservative structural identification and

possibly unsafe predictions of RFL.
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5. DISCUSSION

In this paper, equivalence between modified BMU and EDMF is demonstrated analytically.
Modified BMU provides similar results to EDMF when applied to full-scale evaluations (see Eq.
(14)), with differences arising from sampling and approximation of the box-car likelihood function
(see Figure 1). Modified BMU, as shown in Figure 2, is robust to misevaluation of correlations
and provides accurate results for structural identification compared with residual minimization as
shown in Figure 7, Figure 9 and Figure 11. Therefore, modified BMU provides an alternative

Bayesian approach for accurate structural identification, comparable with EDMF.

EDMF enables explicit quantification of uncertainties from sources that affect structural
behaviour. Some of these sources are included in the model class for identification (Pai et al. 2021;
Saitta et al. 2005), while others are combined together to estimate the falsification thresholds (see
Eqg. (4). Quantification of these uncertainties, particularly those related to the model, are based on
engineering knowledge such as assumptions involved in model development, observations from

site inspection and conditions of loading (Goulet et al. 2013).

Modified BMU provides the same results as EDMF. Additionally, modified BMU also allows for
explicit quantification of uncertainties as part of development of model priors and the likelihood
function based on falsification thresholds (see equations (12 and (13). Traditional BMU (Beck and
Katafygiotis 1998) and other novel variants (Behmanesh et al. 2015; Simoen et al. 2013) do not
allow for engineering knowledge to be explicitly included in development of the likelihood
function. Wang and Liu (2020) have used Bayesian entropy networks to include constraints based

on engineering knowledge.

Bayesian model updating requires complex strategies to sample from the posterior (Ku$mierczyk

et al. 2019; Qian et al. 2003) such as MCMC sampling for accurate inference. Moreover,
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appropriate implementation of these sampling methods and interpretation of posterior PDFs for
asset management requires statistical knowledge (Aczel et al. 2020). The task of asset management
is iterative (Pasquier and Smith 2016). Therefore, the task of model-based data interpretation needs
to be transparent for repeated evaluations as new information becomes available over time.
Iterations of data interpretation with new information may be computationally expensive using
sampling methods such as MCMC. These are few challenges related to practical implementation
of BMU. A more comprehensive discussion related to practical challenges associated with the

application of various data-interpretation methodologies has been carried out by Pai et al. (2019).

Utility of measurements to improve understanding of structural behaviour using EDMF may be
assessed using a cross-entropy measure (Jiang and Mahadevan 2006) to compare prior parameter

distributions with posterior parameter distributions.

Subsequent to structural identification, validation of solutions using leave-one-out and hold-out
cross-validation is assessed. In the absence of informative data to be withheld for validation,
assessment of accuracy of structural identification is not appropriate, as shown in Figure 7. Leave-
one-out cross-validation, with mostly redundant information, falsely suggests that all data-
interpretation methodologies provide accurate structural identification most of the time. This is
shown to be wrong when validation is carried out using the hold-out method. In the hold-out
method, with informative data in the validation dataset, structural identification using residual

minimization and traditional BMU is assessed to be inaccurate.

Other than leave-one-out and hold-out validation, users may also adopt the k-fold validation
(Bengio and Grandvalet 2004) strategy. In this strategy, the set of measurement data is divided
into k folds (subsets). One of these folds is used for validation, while data in k-1 folds is used for

model updating. Subsequently, the validation is performed with another fold and this process is
42



775

776

7T

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

iterated till model updating is validated with all k folds. When k is set equal to number of
measurements available (m), then k-fold validation is essentially leave-one-out cross-validation.
Using this method poses challenges related to amount of data necessary and selecting the

appropriate value of k (Rodriguez et al. 2010), which affects validation accuracy.

Using validated solutions obtained using EDMF and modified BMU, the RFL of the Powder Mill
Bridge with respect to a cover plate detail is calculated. The bridge has significant reserve capacity
with respect to the fatigue limit state compared with design calculations. More importantly, RFL
predictions obtained using traditional BMU and residual minimization were greater than those
obtained using EDMF and modified BMU. Therefore, structural identification with inappropriate

uncertainty assumptions may lead to inaccurate solutions and unsafe predictions.

The presence of significant reserve capacity for the PMB is similar to previous observations that
typically indicate over-design of civil infrastructure. Smith (2016) provided a summary of case
studies that were evaluated to possess significant reserve capacity beyond design requirements by
using information obtained with monitoring. The presence of reserve capacity beyond design has
been observed for steel bridges (Pasquier et al. 2014, 2016) with respect to the fatigue limit state
(Pai et al. 2018) and concrete bridges with respect to serviceability and ultimate limit state
(Proverbio et al. 2018c). Reserve capacity of PMB evaluated in this study adds to existing

observations on over-design of civil infrastructure built with conservative and simplified models.

Similar over-design of civil infrastructure, due to low marginal initial costs to reduce for example,
construction risk, may not be acceptable in the future due to sustainability considerations and lack
of availability of raw materials. Better design guidelines may be necessary to minimize wastage
of raw materials and reduce life-cycle energy consumption. Correctly interpreting monitoring data

to update models provides support for improving data-enhanced design guidelines.
43



798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814
815

816

817

818

The modified BMU methodology presented in this paper and the information theoretic approach
adopted to perform validation of structural identification enable use of monitoring for asset
management. Transfer of this research into practice will require users to address additional
challenges related to detecting outliers in data (Proverbio et al. 2018a) and adopting efficient

strategies to search for solutions (Proverbio et al. 2018b; Raphael and Smith 2003).

The EDMF methodology relies on engineering expertise to assess uncertainty sources affecting
the structural system. While developments in model-class assessment and selection (Pai et al.
2021; Pasquier and Smith 2016) provide certain checks to ensure important sources of uncertainty
are addressed, site inspections and engineering knowledge are important for accurate

implementation of EDMF.

In this paper, validation has been performed for one case study. While there are no reasons why
similar cases cannot benefit, to ensure scalability, such validation studies have to be performed on
many full-scale case studies. With more evaluations, guidelines on selecting data for appropriate
validation and improvements in the validation strategy, such as k-fold validation, may be assessed.
With more validation studies, assessment of reserve capacity may be improved, thereby enhancing

asset management.

6. CONCLUSIONS

In this paper, three data-interpretation methodologies are compared for structural identification of
a steel-concrete composite bridge. Results of structural identification are verified using cross-
validation and they are subsequently used to predict remaining fatigue lives of the bridge structure.

The conclusions obtained are as follows:
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EDMF provides more accurate interpretation of measurement data using physics-based models
compared with traditional BMU and residual minimization. Modifications to the likelihood
function for BMU also provides accurate structural identification since the two methods
become analytically equivalent.

Verification of identification solutions using leave-one-out cross-validation is a necessary but
not a sufficient condition. Leave-one-out cross-validation may lead to verification with
information that is already included in identification. This is not sufficient to justify using
results obtained from identification for extrapolation predictions such as those necessary to
estimate reserve capacity.

Verification of identification solutions using hold-out cross-validation is required when leave-
one-out cross-validation fails to verify solutions with new information. Hold-out cross-
validation with information not available during identification helps verify results obtained
from identification for extrapolation predictions that are necessary to estimate reserve capacity.
Inaccurate structural identification using traditional BMU and residual minimization, as
verified using either leave-one-out or hold-out cross-validation, leads to un-conservative
predictions of reserve capacity.

Results from this paper add to a growing body of evidence that most structures possess reserve
capacity well beyond design requirements. Accurate and safe quantification of this reserve
capacity using data-informed physics-based models enables well informed asset management

and avoids unnecessary and expensive management actions.
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