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Abstract 

High-value infrastructure elements, such as bridges, are typically over-designed. Model-updating 

techniques are useful for estimating the reserve load capacity (beyond safety factors) of bridges and this 

improves sustainability through good asset-management decision making. In these approaches, 

measurement data are used to infer model parameter values that influence behaviour. Several approaches 

have been proposed for structural model updating. Population approaches, such as Bayesian updating, 

reflect the intrinsically ambiguous nature of diagnosis as well as a range of uncertainty sources. However, 

many do not consider bias in model formulations, which results in biased identification of parameter values 

and subsequent predictions. Also, discrete sampling methods may be too coarse to be able to identify critical 

parts of the population where worst case reserve capacity is determined. In this paper, a new methodology 

is proposed to update models of structural systems using measurements.  This methodology has been 

employed to identify the most critical set of parameter values for the bending ultimate limit state (ULS) 

verification and the serviceability limit state (SLS) verification of an existing reinforced concrete bridge 

after gaining information from measurements. This methodology is based on the error-domain model 

falsification approach, in which measurements are used to falsify models rather than calibrate them. 

Through a full-scale case study, it is shown that the new methodology is able to provide a parameter-value 

set that is more accurate for ULS and SLS verification than those identified with residual minimization. 

Furthermore, it is shown that residual minimization (traditional curve fitting) may result in unsafe estimates 

of reserve capacity. 
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1. Introduction 

 

Existing structures often have reserve capacity because they have been designed with simple, conservative 

models. More accurate estimates of real behaviour are needed once infrastructure is in service in order to 

improve management decisions. For example, when decisions related to either replacement or repair are 

involved, knowledge of real behaviour may contribute significantly to lowering costs and improving 

sustainability. Model updating techniques have the potential to improve predictive capability of behavioural 

models by estimating parameter values using observations. For example, direct measurements, such as non-

destructive tests, and indirect measurements, such as measurements of behaviour during load tests, can be 

used to update a finite-element model (FEM). In this paper, the focus is to update a FEM using 

measurements of behaviour obtained during static-load tests. This constitutes an inverse problem because 

parameter values are inferred through comparing predictions of a FEM with measurements. Inverse 

problems are ambiguous tasks since many sets of parameter values can provide the same prediction at a 

sensor location (Beven 2006). Such ambiguities are amplified by uncertainties in models and 

measurements. Modelling errors originate from intentional model simplifications as well as omissions of 

physical phenomena due to a lack of knowledge (Draper 1995). 

 

The vast majority of model-updating strategies involve minimizing the differences between predictions and 

measurements to obtained one ‘optimal’ model (Çatbaş, Kijewski-Correa, and Aktan 2013; Mottershead, 

Link, and Friswell 2011; Spencer Jr. and Cho 2011). Model simplifications and omissions result in 

systematic biases in model predictions at measurement locations. These model biases, if known, should be 

accommodated during model calibration. If not, model calibration approaches provide parameter values 

which compensate epistemic model biases at measurement locations (Atamturktur et al. 2015). Therefore, 

the ‘optimal’ model obtained with model calibration is unacceptably dependent on sensor locations (and 

model biases at those locations). Furthermore, prediction using such models is precarious, particularly when 

extrapolating, yet such activity is unavoidable in asset management.  

 

An alternative strategy is based on the recognition that measurements are more useful when they falsify 

models rather than calibrate them (Tarantola 2005, 2006). This has led to methodologies for model 

falsification in areas such as environmental science (Beven 2002) and civil engineering (Raphael and Smith 

1998). Error-domain model falsification (EDMF) (Goulet, Kripakaran, and Smith 2010) is one such 

methodology. In this methodology, threshold bounds are estimated by combining measurement noise and 

modelling uncertainties at sensor locations. A model instance is a candidate if the differences between 

measurements and model predictions fall within threshold bounds for each and every measurement location. 
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Otherwise, the model instance is falsified.  In traditional applications of EDMF, the Monte Carlo method 

or Latin Hypercube Sampling (LHS) was often used to create an initial population of model instances by 

sampling in the prior parameter domain (Goulet, Kripakaran, and Smith 2010; Pasquier and Smith 2016). 

Candidate models, obtained after falsification, are then employed to predict reserve capacity. EDMF has 

been used to estimate the reserve capacity of bridges for the limit state of deflection (Goulet, Kripakaran, 

and Smith 2010) and for fatigue life (Pasquier et al. 2016). However, sampling methods such as LHS often 

result in sampling that is too coarse to be able to identify worst-case model-parameter values with 

reasonable accuracy. 

 

Due to a lack of knowledge, modelling uncertainties of complex systems cannot usually be described with 

sophisticated probability density functions. Thus, a methodology that only requires the definition of 

uncertainty bounds is more appropriate for model updating than traditional probabilistic approaches. 

Probabilistic approaches such as Bayesian model updating (Beck and Au 2002; Beck and Katafygiotis 

1998) typically propose the definition of independent zero-mean Gaussian uncertainty distributions. 

Extensions to this approach include representation of correlations (Simoen et al., 2013). Fuzzy approaches 

are also employed for uncertainty estimation. In these approaches, fuzzy sets are employed to describe 

possible model outputs and measurement data. If these sets are overlapping, fuzzy operators such as union 

or intersection operators can be used to determine the degree of membership of each model (Huang and 

Teghem 2012; Urbanski and Wa̧sowski 2003). This approach has been used to detect changes in structural 

properties in application to damage detection (Sawyer and Rao 2000). However, inputs such as the 

membership functions between bounds and the definition of fuzzy operators are needed. Information is 

rarely available to define accurately these inputs. Other approaches to damage detection using artificial 

neural networks have been used, for example (Neves et al. 2017). However, neural networks implement a 

form of non-linear regression that is suitable only for interpolation. When weighing asset-management 

decisions in civil engineering related to repair, replacement and extension of structures, support for 

extrapolation is needed. 

 

In civil engineering, model-updating strategies that involve sampling the parameter domain using either the 

Monte Carlo method or LHS are appropriate for performing probabilistic safety verification (Brühwiler et 

al. 2012). However, little information is explicitly available regarding the likelihood of models given 

measurements and thus, the predictive distributions used to compute probability of failure are approximate. 

An alternative, which is employed in this paper, is to determine the most critical set of parameter values 

after model falsification and use the partial safety factor format for safety verification. This strategy is 

appropriate for model updating of critical systems where uncertainties are represented by intervals 



4 
 

(threshold bounds). Furthermore, many models are able to explain measurements because of the inverse 

nature of the task. Of these models, it is of interest to determine the model that provides the worst-case 

prediction. 

 

Non-linear finite-element analysis (NLFEA) has been used to assess the performance of existing structures 

at the ultimate limit state. Schlune et al. (2012) concluded that model uncertainties of non-linear finite 

element analyses need to be higher than those employed in traditional designs based on linear finite element 

analyses. These uncertainties depend on the failure mode. For instance, it was reported that coefficients of 

variation for model uncertainty are in the range of 5 to 30% for bending and 15 to 64% for shear (Cervenka 

2013). The FEM needs to be validated with field data in order to reduce these uncertainties (Pimentel, 

Brühwiler, and Figueiras 2014). Additional uncertainty quantification and strategies to improve the 

modelling of existing structures can be found in (Nishio and al. 2012). 

 

In this paper, a new methodology based on error-domain model falsification is proposed in order to find the 

most critical set of parameter values for ULS and SLS verification given measurement data. Then, the load 

capacity is estimated using the most critical set of parameter values obtained for ULS and SLS verification. 

For SLS verification, a linear finite element analysis is performed using the most critical set of parameter 

values in order to estimate the load capacity while a non-linear finite element analysis is used to estimate 

ULS load capacity. Finally, the usefulness of measurements for improving estimations of load capacity at 

the ULS is evaluated. 

 

In Section 2, the traditional implementation of error-domain model falsification and the new methodology, 

which is based on EDMF, is described. In Section 3, the case study is presented and results of residual 

minimization are compared with those of the new methodology for identification and prediction tasks. 

Finally, Section 4 contains discussion of the results and future work. 

 

2. Methodology 

 

2.1 Background - Error-domain model falsification 

 

Error-domain model falsification has been developed for applications in which measurement noise and 

modelling errors cannot be described by multivariate probability density functions due to a lack of 

knowledge related to uncertainties and their correlations.  
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As in other model-updating approaches, error-domain model falsification involves identifying parameter 

values 𝛉𝛉 = [θ1, … , θ𝑛𝑛𝑝𝑝]𝑇𝑇 of a physics-based model using information from measurements, where 𝑛𝑛𝑝𝑝 is the 

number of parameters that require identification. Bounds of parameter values are defined using engineering 

knowledge. 

 

At sensor location 𝑥𝑥𝑖𝑖, the true behaviour 𝑄𝑄𝑖𝑖 can be estimated by correcting the prediction of the model 

𝑔𝑔(𝑥𝑥𝑖𝑖,𝛉𝛉) with a value of modelling error 𝜖𝜖𝑖𝑖,𝑔𝑔 . As parameter values and errors cannot be determined 

deterministically, they are random variables, and the relation between them can be expressed as follows: 

 

𝑄𝑄𝑖𝑖 = 𝑔𝑔(𝑥𝑥𝑖𝑖,𝚯𝚯) + 𝑈𝑈𝑖𝑖,𝑔𝑔,     ∀𝑖𝑖 = 1, 2, … ,𝑛𝑛𝑦𝑦                                                                                                              (1)  

 

where 𝚯𝚯 is a random variable describing 𝛉𝛉, 𝑈𝑈𝑖𝑖,𝑔𝑔 is a random variable describing 𝜖𝜖𝑖𝑖,𝑔𝑔 and 𝑛𝑛𝑦𝑦 is the number 

of sensor locations.  

 

Similarly, the true behaviour can also be approximated by correcting the measurement data 𝑦𝑦𝑖𝑖 with a value 

of measurement error 𝜖𝜖𝑖𝑖,𝑦𝑦 , which depends on the sensor accuracy. This relation can be expressed using 

random variables as follows: 

 

𝑄𝑄𝑖𝑖 = 𝑦𝑦𝑖𝑖 + 𝑈𝑈𝑖𝑖,𝑦𝑦,     ∀𝑖𝑖 = 1, 2, … ,𝑛𝑛𝑦𝑦                                                                                                                            (2)  

 

Where 𝑈𝑈𝑖𝑖,𝑦𝑦 is a random variable describing 𝜖𝜖𝑖𝑖,𝑦𝑦 .  

 

By combining Equations 1 and 2, it is deducted that the difference between the prediction of the model and 

the measurement at location i is equal to the difference between modelling and measurement uncertainties 

at this location as expressed in the following equation. 

 

𝑔𝑔(𝑥𝑥𝑖𝑖,𝚯𝚯) − 𝑦𝑦𝑖𝑖 = 𝑈𝑈𝑖𝑖,𝑦𝑦 − 𝑈𝑈𝑖𝑖,𝑔𝑔 = 𝑈𝑈𝑖𝑖,𝑐𝑐 ,      ∀𝑖𝑖 = 1, 2, … ,𝑛𝑛𝑦𝑦                                                                                       (3)  

 

where 𝑈𝑈𝑖𝑖,𝑐𝑐 is the combined uncertainty at location i. In standard implementations of EDMF, the Monte 

Carlo method is employed to compute the combined uncertainty from estimated distributions of uncertainty 

sources (modelling and measurement uncertainties).   
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The most important parameters are identified using a sensitivity analysis. Following the notation in 

Equations 1-3, an initial model set Ω𝑘𝑘  is generated through assigning parameter-value sets 𝛉𝛉𝑚𝑚 to a specific 

model class 𝐺𝐺𝑘𝑘. In standard implementations of EDMF, the initial set of model instances is generated by 

Latin Hypercube Sampling.  

 

The model instance defined by the parameter-value set 𝛉𝛉𝑚𝑚 is falsified, if for any measurement location 𝑖𝑖 ∈

{1, 2, … ,𝑛𝑛𝑦𝑦}  the difference between predicted and measured values is outside the interval defined by the 

threshold bounds [𝑇𝑇𝑖𝑖,𝑙𝑙𝑙𝑙𝑙𝑙; 𝑇𝑇𝑖𝑖,ℎ𝑖𝑖𝑔𝑔ℎ]. Otherwise, the model instance is a candidate model and satisfies 

Equation (4). 

 

𝑇𝑇𝑖𝑖,𝑙𝑙𝑙𝑙𝑙𝑙 ≤  𝑔𝑔(𝑥𝑥𝑖𝑖 ,𝛉𝛉) − 𝑦𝑦𝑖𝑖 ≤   𝑇𝑇𝑖𝑖,ℎ𝑖𝑖𝑔𝑔ℎ ,∀𝑖𝑖                                                                                                                      (4) 

 

Thresholds bounds are calculated using the combined uncertainty and by using a confidence level 𝜙𝜙𝑑𝑑. In 

practice, a value of 95% is used for the confidence level. The Sidak correction (Šidák 1967) is used to 

correct the confidence level by taking into account that many measurements are used simultaneously to 

falsify models. This leads to determination of consistent threshold bounds for each measurement location. 

Threshold bounds [𝑇𝑇𝑖𝑖,𝑙𝑙𝑙𝑙𝑙𝑙; 𝑇𝑇𝑖𝑖,ℎ𝑖𝑖𝑔𝑔ℎ] of combined uncertainties are obtained by finding the tightest bounds in 

the following equation. 

 

𝜙𝜙𝑑𝑑1/𝑛𝑛𝑦𝑦  = � 𝑓𝑓𝑈𝑈𝑖𝑖,𝑐𝑐�𝑈𝑈𝑖𝑖,𝑐𝑐�𝑑𝑑𝑈𝑈𝑖𝑖,𝑐𝑐 , ∀𝑖𝑖 ∈ {1, 2, … ,𝑛𝑛𝑦𝑦}                                                                       (5)
𝑈𝑈𝑖𝑖,𝑐𝑐 = 𝑇𝑇𝑖𝑖,ℎ𝑖𝑖𝑖𝑖ℎ

𝑈𝑈𝑖𝑖,𝑐𝑐 = 𝑇𝑇𝑖𝑖,𝑙𝑙𝑙𝑙𝑙𝑙
 

Where 𝑓𝑓𝑈𝑈𝑖𝑖,𝑐𝑐�𝑈𝑈𝑖𝑖,𝑐𝑐� is the probability density function of the continuous random variable, 𝑈𝑈𝑖𝑖,𝑐𝑐. 

 

All model instances that have been falsified are assigned a probability of 0. As little information is available 

regarding modelling uncertainties, the remaining candidate models are assigned a constant probability of 
1

𝑛𝑛𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
  where 𝑛𝑛𝑐𝑐𝑐𝑐𝑛𝑛𝑑𝑑 is the number of candidate models.   

 

Finally, if the candidate model set is not empty, the predictive distribution at unmeasured locations 𝑥𝑥𝑗𝑗 can 

be obtained according to Equation (6). 

 

𝑄𝑄𝑗𝑗 = g�𝑥𝑥𝑗𝑗,𝚯𝚯∗� + 𝑈𝑈𝑗𝑗,𝑔𝑔                                                                                                                                            (6)   
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where g�𝑥𝑥𝑗𝑗,𝚯𝚯∗� is a distribution of predictions at location 𝑥𝑥𝑗𝑗 using the parameter-values sets 𝚯𝚯∗ that have 

been identified 𝚯𝚯∗ = {𝛉𝛉| 𝛉𝛉 ∈ Ω∗} and 𝑈𝑈𝑗𝑗,𝑔𝑔 is a random variable describing the modelling error at location 

𝑥𝑥𝑗𝑗. In previous case studies, prediction bounds at unmeasured locations have been calculated by taking the 

95% confidence interval of the predictive distribution obtained in Equation (6) (Pasquier and Smith 2015). 

 

2.2 New methodology compatible with EDMF 

 

A new methodology, based on constrained optimization method and compatible with error-domain model 

falsification, is developed below. In this methodology, constrained optimization is used to find the most 

critical set of parameter values for a specific limit state given constraints from measurement data. This set 

provides predictions that fall inside threshold bounds computed using Equation (5).  

 

The most critical set of parameter values is obtained through maximizing an objective function 𝑓𝑓(𝛉𝛉) under 

constraints. The objective function to be maximized is the effect of traffic loads (taken from codes) on 

bridge components needed for ULS or SLS verification. Constraints are provided by prior knowledge of 

parameter values (which are bounded) and by measurement data using Equation (4).  

 

Figure 1 presents an illustrative example of constrained optimization with two parameters and using one 

sensor data point 𝑦𝑦1 for falsification. In this illustration, g(x1, θ1,θ2) is the predicted value of the finite 

element model used to simulate the behaviour of the bridge under test loads at the sensor location x1 and 

the objective function f(θ1, θ2) is the predicted value of the finite element model under the loads of the 

codes needed for ULS or SLS verification. The dark lines are isolines of the objective function. The 

horizontal and vertical dashed lines represent the bounds of parameter values (first set of constraints). The 

curved dashed lines corresponding to g(x1,θ1, θ2) − 𝑦𝑦1 <  𝑇𝑇1,𝑙𝑙𝑙𝑙𝑙𝑙 and g(x1, θ1,θ2) −  𝑦𝑦1 >  𝑇𝑇1,ℎ𝑖𝑖𝑔𝑔ℎ 

represent the second set of constraints, provided by the measurement 𝑦𝑦1 (Equation 4). The resulting white 

area is the feasible region where the objective function can be estimated. Finally, the objective function is 

maximized until reaching the optimal point, represented by the green dot. 

 

The most suitable algorithm to find the global optima depends on the complexity of the objective function. 

If the objective function is convex, gradient-based approaches are efficient at finding global optima. 

However, if the objective function is non-convex, stochastic search strategies are more appropriate in order 

to avoid being trapped in local optima. Non-Linear Programming by Quadratic Lagrangian (NLPQL) is a 

special implementation of the Sequential Quadratic Programming (SQP) method for constrained 
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optimization (Schittkowski 1986). At each major iteration, a quadratic approximation of the Lagrangian 

function and a linearization of the constraints is made. Then, a Quadratic Programming (QP) subproblem 

is generated whose solution is employed to define a search direction. An overview of SQP can be found in 

(Fletcher 1987), (Gill, Murray, and Wright 1981), and (Powell 1983). The Lagrangian function ℒ(𝜽𝜽, 𝜆𝜆) 

employed is expressed in Equation (10). 

 

ℒ(𝜽𝜽,𝝀𝝀) = 𝑓𝑓(𝜽𝜽) + �𝜆𝜆𝑖𝑖ℎ𝑖𝑖(𝜽𝜽)
𝑖𝑖

                                                                                                                                (10) 

 

where 𝜆𝜆𝑖𝑖 are the Lagrangian multipliers, ℎ𝑖𝑖 are the inequality constraint functions (ℎ𝑖𝑖(𝜽𝜽) < 0) and 𝑖𝑖 is the 

number of inequality constraint functions. For each measurement, two inequality constraint functions are 

defined to ensure that the residual between prediction and measurement falls within upper and lower 

threshold bounds (𝑇𝑇𝑖𝑖,𝑙𝑙𝑙𝑙𝑙𝑙 ≤  𝑔𝑔(𝑥𝑥𝑖𝑖,𝛉𝛉) − 𝑦𝑦𝑖𝑖 ≤  𝑇𝑇𝑖𝑖,ℎ𝑖𝑖𝑔𝑔ℎ , ∀𝑖𝑖 = 1, 2, … ,𝑛𝑛𝑦𝑦). Furthermore, for each parameter, 

two inequality constraint functions are defined to ensure that parameter values are within prior bounds 

(θ𝑗𝑗,𝑚𝑚𝑖𝑖𝑛𝑛 ≤ θ𝑗𝑗 ≤  θ𝑗𝑗,𝑚𝑚𝑐𝑐𝑚𝑚, ∀𝑗𝑗 = 1, 2, … ,𝑛𝑛𝑝𝑝). 

 

A set of parameter values 𝜽𝜽∗ is a local maximum if there exists a unique vector of Lagrangian multipliers 

𝝀𝝀∗ such that: 

 

1) ∇𝜽𝜽ℒ(𝜽𝜽∗,𝝀𝝀∗) = 0                                                                                                                                         (11)  

2) 𝜆𝜆𝑖𝑖∗ ≥ 0,                 ∀𝑖𝑖                                                                                                                                      (12) 

3) 𝜆𝜆𝑖𝑖∗ℎ𝑖𝑖(𝜽𝜽∗) = 0,     ∀𝑖𝑖                                                                                                                                      (13)  

4) ℎ𝑖𝑖(𝜽𝜽∗) ≤ 0,         ∀𝑖𝑖                                                                                                                                      (14)  

5) The Hessian matrix ∇𝜽𝜽𝜽𝜽2 ℒ(𝜽𝜽∗,𝝀𝝀∗) is positive definite 

where ∇𝜽𝜽 denote the partial derivative of the following function with respect to 𝜽𝜽. 

 

These conditions are referred to as the Karush-Kuhn-Tucker conditions (Kuhn and Tucker 1951). This 

methodology is repeated with several starting points in order to determine either that the solution has 

converged to the global maximum or that stochastic search methods are necessary.  

 

Generally, this gradient-based optimization method does not require sampling of the parameter space, 

compared with traditional implementations of EDMF using LHS that necessitate dense sampling to have a 

good representation of the candidate-model sub-domain (Proverbio et al 2017). Thus, it is less time 
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consuming than traditional implementations of error-domain model falsification when few objectives need 

to be optimized (few limit-state criteria).  

 

 
Figure 1: Illustrative example of constrained optimization where g(x1, θ1,θ2) is the predicted value of the 

finite element model at the sensor location x1 using the load of the trucks and f(θ1,θ2) is the objective 

function that needs to be maximized (e.g. stress at the bottom of the most-loaded beam using the load of 

the Eurocodes). The dark lines are isolines of the objective function. 

 

2.2.1 New framework for ultimate limit state (ULS) verification 

 

Figure 2 presents the new framework for improving the estimation of the load capacity of existing bridges 

at the ULS using measurements. Two finite element models need to be built for constrained optimization. 

The first model (FEM1 in Figure 2) describes the behaviour of the bridge under test loads and is used to 

provide constraints to the parameter domain using the measurement data. This model is used to evaluate 

the function g when parameter values are varied. This model considers elastic behaviour of materials as the 

loads of the test have been fixed to avoid cracking.  

 

The second finite element model, FEM2, describes the behaviour of the bridge under the load configuration 

of the codes and is used to find the most critical set of parameter values for any ultimate limit state. This 

model is used to evaluate the function f when parameter values are varied. This model also considers elastic 

behaviour of materials in order to reduce computation time related to the optimization process. If the 

convergence criterion of the optimization algorithm is not reached, a new generation of parameter-value set 
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has to be generated using NLPQL (Section 2.2). The parameterization might differ between the two finite-

element models (FEM1 and FEM2). For instance, the bearing stiffness might affect significantly the bridge 

behaviour during the test and, thus, they should be modelled in the first model in order to identify unbiased 

parameter values. However, for the ultimate limit state verification, free rotation should be used for bearing 

conditions because the bearing stiffness identified during the test might be due to sticky bearing devices at 

low load levels. 

 

Finally, a third model (FEM3 in Fig.2) is used for estimating the load capacity of the bridge using a non-

linear finite element analysis with the most critical parameter-value set obtained with constrained 

optimization. This last model is only used once the most critical parameter-value set has been found. In this 

paper, the most critical set of parameter values at the ULS corresponds to the parameter-value set that 

provides the highest bending stresses in the most-loaded beam using the second finite element model. A 

quantitative example is provided in the section that describes the case study. Shear failure is assumed to be 

not critical in this context. Furthermore, it is assumed that the most critical set of parameter values obtained 

with an elastic analysis (second finite element model) provides the most critical results for input into a non-

linear finite element analysis (third finite element model).  
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Figure 2: New framework for estimating the bending load capacity of existing reinforced concrete structures 

at the ultimate limit state. The thresholds of EDMF are used to constrain the parameter-value set θ in FEM1. 

The parameter-value set θ𝑈𝑈𝑈𝑈𝑈𝑈 in FEM2 is a subset of θ and is used for the non-linear analysis in FEM3.  

 

 

2.2.2 New framework for serviceability limit state (SLS) verification 

 

It is often sufficient to check the serviceability limit state qualitatively using visual inspection and noting 

the experience of end users if loading remains unchanged (for example, see SIA 269 2011). However, if 

the live loads are expected to increase, the serviceability limit state should be verified using serviceability 

requirements of current codes. In Singapore, traffic loads have increased significantly in recent years and 

will further increase in the future (“Land Transport Authority. Master Plan 2013. Singapore,” n.d.). 

Therefore, verification of serviceability/durability (cracking) requirements is useful and knowledge of 

reserve capacity may lead to lower costs and improved planning of inspection and maintenance activities. 

 

Figure 3 presents the framework to estimate the load capacity of existing reinforced concrete structures at 

the serviceability limit state. In this framework only two models are considered. The first model (same 

model as FEM1 in Figure 2) is used to simulate the behaviour of the bridge under the test loads. The second 

model (FEM4 in Figure 3) is employed to predict the behaviour of the bridge under the loads defined in the 

codes for SLS verification.  

 

Both models are defined by elastic material properties and by the same set of parameters. The stiffness of 

bearing devices and the contribution of non-structural elements such as barriers are considered in both 

models. In this framework, the objective function depends on the requirements that need to be satisfied at 

the serviceability limit state. For instance, a requirement is the maximum stress at the bottom of the most-

loaded pre-stressed beam in order to avoid cracking of concrete.  

 

This framework is used in Section 3.7 for the assessment of the serviceability limit state. 
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Figure 3: New methodology for estimating the load capacity of existing reinforced concrete structures at 

the serviceability limit state. With respect to Figure 2, the only difference is in the FEM4 where the complete 

set of parameters is used in the objective function, compared with only a subset in Figure 2. 

 

3 Case study 

 

3.1 Description 

 

The load capacity of a pre-stressed bridge in Singapore at the ultimate and serviceability limit state is 

assessed in this paper. This pre-stressed concrete bridge is composed of 4 hollow beams carrying three 

unidirectional traffic lanes over a simply-supported span of 32 meters. Each beam includes one parabolic 

post-tensioning tendon in each web and 42 pre-tensioning tendons in the bottom flange. 

 

The principal characteristics of the bridge, the load-test configuration and the sensor configuration are 

presented in Figure 4. 
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Figure 4: Bridge characteristics as well as load-test and sensor-network configurations, where Ti represents 

the position of each truck, 𝐼𝐼𝑖𝑖 the inclinometers on one parapet, 𝑃𝑃𝑖𝑖 the deflection targets and 𝑆𝑆𝑖𝑖 the strain 

gauges distributed on the 4 beams. Each truck is 8m long and there is a uniform space of 1.2m between 

trucks. 

 

A static load test has been carried out to update a finite element model of the bridge. Figure 5 presents a 

photograph of the static load test. This static load test involved 6 trucks (Ti) of approximatively 32 tons 

located on the deck of the bridge. The sensor configuration consisted of 2 inclinometers (𝐼𝐼𝑖𝑖) on one parapet, 

4 deflection targets (𝑃𝑃𝑖𝑖) and 8 strain gauges (𝑆𝑆𝑖𝑖) distributed on the 4 beams. A laser tracker was positioned 

on the road below the bridge and used to measure deflections of the deflection targets. The sensor 

configuration was chosen based on engineering judgement. These measurements will be used in Section 

3.2 for falsification of model instances using EDMF. 
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Figure 5: Photograph of a static load test performed on a reinforced concrete bridge in Singapore 

 

Figure 6 presents the bridge characteristics as well as the finite element model of the bridge. The bridge has 

been modelled with ANSYS Workbench using solid elements. 

 

 
Figure 6: a) Plan view, b) cross-section, c) truncated elevation of a beam and d) finite element model of 

the bridge 
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3.2 Error-domain model falsification 

 

Measurements have been used to update a finite element model of the bridge using the error-domain model 

falsification methodology. The initial parameter set was chosen following a sensitivity study. Initially, 8 

parameters were chosen for consideration. Following the sensitivity analysis, 5 were retained since each of 

them demonstrated a relative importance of at least 8 % in relation to the response at sensor locations. These 

parameters are: 1) the elastic modulus of site-cast concrete of the deck and diaphragms 𝐸𝐸𝑝𝑝𝑙𝑙𝑝𝑝𝑝𝑝𝑝𝑝𝑑𝑑, 2) the 

elastic modulus of the precast concrete of the beams 𝐸𝐸𝑝𝑝𝑝𝑝𝑝𝑝𝑐𝑐𝑐𝑐𝑝𝑝𝑝𝑝, 3) the elastic modulus of the concrete of the 

barrier 𝐸𝐸𝑏𝑏𝑐𝑐𝑝𝑝𝑝𝑝𝑖𝑖𝑝𝑝𝑝𝑝, 4) the rotational stiffness of the bearing devices 𝑅𝑅𝑅𝑅𝑅𝑅. 𝑆𝑆𝑅𝑅𝑖𝑖𝑓𝑓𝑓𝑓. and 5) the vertical stiffness of 

the bearing devices 𝑉𝑉𝑉𝑉𝑉𝑉𝑅𝑅. 𝑆𝑆𝑅𝑅𝑖𝑖𝑓𝑓𝑓𝑓. Values of bearing stiffness are sampled in the logarithmic scales in order 

to avoid selecting mostly high values of bearing stiffness. The initial intervals of the parameters have been 

estimated using conservative engineering judgment and are presented in Table 1.  

 

In this 5-parameter space, 2000 initial model instances were generated using the Latin Hypercube Sampling 

(LHS) method. 

 

Table 1: Lower and upper bounds for parameter values 

  Ebarrier 
[MPa] 

Epoured 
[MPa] 

Rot. Stiff.  
[log(Nmm/rad)] 

Vert. Stiff. 
[log(N/mm)] 

Eprecast 
[MPa] 

Lower bound 3000 20000 9 8 25000 

Upper bound 40000 35000 13 11 50000 

 

For the identification of parameter values, non-structural elements such as barriers and the stiffness of 

bearing devices are considered in order to avoid biased identification of parameter values. In this particular 

case study, the barriers are the only relevant non-structural elements that affect structural behaviour. For 

example, the pavement elastic modulus does not affect significantly the bridge behaviour and are not 

considered here. The parameter ranges for the young modulus have been chosen large enough to ensure 

that the worst-case scenario will be covered. The rationale for the bounds of barrier stiffness is that the 

barriers have a connection that is in between sliding and perfectly fixed with the deck. For the bearing 

rotational stiffness, the maximum value corresponds to a constrained support and the lowest value 

corresponds to a pinned support. Indeed, in structures that are decades old, the support conditions no longer 

behave as pin-rollers (Huseynov et al. 2017). The same logic is applied to the vertical stiffness. 
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Upper and lower bounds of model-class uncertainties and measurement uncertainties are presented in Table 

2. Uniform distributions are assumed between those bounds. Bounds are defined either as an absolute value 

or a percentage of the measured value. Modelling uncertainties have been estimated based on engineering 

judgment and literature review using conservative assumptions. As strain gauges measure local behavior, 

a source of uncertainty associated with local variability has been added for these sensors. Deflection targets 

and inclinometers are not concerned by this additional uncertainty since they do not measure a local 

behavior. Sensor accuracy is taken from sensor specifications and sensor repeatability is estimated through 

making several measurements under the same load configuration. For strain gauges and inclinometers, 

uncertainties originating from their installation have been estimated using engineering judgment and from 

field observations (e.g. strain gauges unaligned with beam orientation). Deflection measurements do not 

involve additional installation uncertainty since the laser tracker records the relative displacement of targets, 

which is not affected by installation procedures.  

 

Table 2: Modelling and measurement uncertainties 

 Deflection 
targets 

Strain 
gauges 

Inclinometers 

Modelling 
uncertainties 

Model simplifications 
and FEA 

Min -5 % -5 % -5 % 
Max 13 % 13 % 13 % 

Mesh refinement Min -1 % -1 % -1 % 
Max 1 % 1 % 1 % 

Local variability Min - -5 % - 
Max - 5 % - 

Additional uncertainty Min -1 % -1 % -1 % 
Max 1 % 1 % 1 % 

Measurement 
uncertainties 

Sensor accuracy Min -0.1 mm  
-6 µrad 
6 µrad 

 
-5 µrad 
5 µrad 

Max 0.1 mm 
Sensor repeatability Min -0.123 mm 

Max 0.123 mm 
Sensor installation Min - 0 % -5 % 

Max - 11 % 5 % 
 

Figure 7 presents a parallel-axis plot in which parameter values and predictions are plotted. Measurements 

obtained during the test, threshold bounds computed with Equation (5) and prediction bounds computed 

with Equation (6) are also presented in this figure. Over the 2000 initial model instances generated by Latin 

Hypercube Sampling, only 9 model instances satisfy the condition stated in Equation (4). They are retained 

as candidate models. The vertical stiffness and the elastic modulus of precast concrete are well identified. 

Values of vertical stiffness have been reduced from [8 log(N/mm); 11 log(N/mm)] to [8.39 log(N/mm); 
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8.55 log(N/mm)]. For the elastic modulus of the precast concrete, values have been reduced from [25 GPa; 

50 GPa] to [39 GPa; 50 GPa]. However, the range of parameter values for the elastic modulus of the poured 

concrete has not been reduced after falsification. 

 

Sensor P4 is used to test the EDMF methodology through a cross validation. P4 data were not used to infer 

the candidate model set but only to test whether its measurement falls within prediction bounds, estimated 

according to Equation (6). As shown in Figure 7, the measured value at test sensor P4 falls inside the 

prediction interval, consolidating the prior assumption made on modelling-uncertainty magnitudes. 

 
Figure 7: Parallel axis plot presenting the results of EDMF 

 

3.3 Implementation of the new methodology for ultimate limit state verification 

 

In this section, the results of the new framework are presented and compared with those obtained with the 

traditional implementation of EDMF (Section 3.2).  

 

The finite element model of the bridge described in the previous section (Figure 6(d)) is used to simulate 

the behaviour of the bridge under the test loads (referred to as FEM1 in Figure 2). The initial parameter-

value set is constituted by 5 parameters. Their respective ranges have been detailed in the previous section.  
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A second finite element model, referred to as FEM2 in Figure 2, has been made to simulate the bridge 

behaviour under the loads of the code and is used to evaluate the objective function. As the bending loading 

capacity is studied in this paper, the variable predicted by FEM2 that needs to be maximized is the stress at 

the bottom of the most loaded beam. In this second finite element model, design assumptions have been 

used for boundary conditions because the bearing stiffness identified during the test might be due to sticky 

bearing devices at low load levels. As little information regarding the structural strength of the joints 

between barrier blocks were available, barriers were not considered in this model. Thus, among the five 

parameters used during identification, only two parameters affect predictions of the second model. Those 

two parameters are the elastic modulus of the precast concrete and the elastic modulus of the poured 

concrete, which affect the lateral distribution of loads as well as the neutral axis of the section. The objective 

is to find the set of parameter values that maximizes the bending stress predicted by the second finite 

element model at the bottom of the most-loaded beam given constraints from measurements (see Figure 2). 

It is assumed that the most critical set of parameter values obtained with an elastic analysis (FEM 2) 

provides the most critical results in a non-linear finite element analysis (FEM 3).  

 

As explained previously, NLPQL has been used for constrained optimization in order to find the most 

critical set of parameter values given measurement constraints. The NLPQL algorithm needs to be repeated 

with several starting points in order to ensure that the optimal model is not a local optimum of the objective 

function (e.g. maximizing bending stress in the most-loaded beam). In this case study, NLPQL has been 

run with 10 starting points. All converged to the same set of parameter values. 

 

In NLPQL, the gradient of the objective function in each parameter dimension is computed at each iteration 

using the forward finite difference approximation. Then, a simulation sample is generated in the direction 

that increases the objective function. As five parameters are considered in this study, six simulations are 

executed by iteration for each finite element model (first and second model) and, thus, a total of twelve 

simulations are executed by iteration. 

 

Figure 8 presents the stress at the bottom of the most-loaded beam predicted by FEM2 (objective function 

to maximize) with respect to the number of iterations of the constrained optimization algorithm for one 

starting point. This figure also presents the deflection predicted by FEM1 at P1 during the constrained 

optimization process as well as the constraints provided by measurements. When the starting values of 

parameters are assigned to the model, the predicted deflection P1 falls outside the threshold bounds. At 

convergence of the algorithm, the constraint is satisfied and the objective function has been maximized. 
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Only the dead load and the traffic load are considered in FEM2, without considering the effects of the pre- 

and post-tensioning tendons. Thus, high tensile stress is predicted at the bottom of the most-loaded beam 

in the elastic analysis. In non-linear analysis (FEM3), the effect of post-tensioning will be considered to 

estimate the load capacity. 

 

The upper threshold bound for deflection at P1 is the most restrictive (also referred to as active constraint). 

For each starting point, 5 to 9 iterations are needed to reach convergence. Thus, a total of 60 to 108 

simulations are needed for each starting point, which require around 3 to 5 hours of simulations using 12 

processors. Using 10 starting points, a total number of 750 evaluations have been executed. This number is 

approximately one third of the 2000 evaluations needed for the traditional implementation of EDMF where 

LHS is used to generate model instances (Section 3.2).  

 

Results obtained with non-linear FEM, using the most critical set of parameter values obtained with 

constrained optimization, are presented in Section 3.6. 

 

 
Figure 8: Stress at the bottom of the most-loaded beam predicted by the second model (objective function) 

with respect to the number of iterations of NLPQL (top) and deflection predictions at P1 (active constraint) 

with respect to the number of iterations of NLPQL (bottom) 
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Figure 9 presents a parallel-axis plot where parameter values and predictions are plotted for the candidate 

models of EDMF (grey lines) and for the model obtained with the new methodology (dashed line). This 

line corresponds to the results obtained with the last set of parameter values evaluated before reaching 

convergence (green dot in Figure 8). As presented in Figure 8, the constraint associated with the predicted 

deflection at P1 is the most restrictive (active constraint). 

 

The parameter-value set obtained with constrained optimization and assigned to the second finite element 

model predicts higher stress at the bottom of the most-loaded beam than those obtained with the candidate 

models of EDMF while providing predictions that are within threshold bounds. This set provides a value 

of elastic modulus for the poured concrete corresponding to the lower bound of its initial interval and a 

value of elastic modulus for the precast concrete corresponding to the upper bound of its initial interval.  

 

 
Figure 9: Parallel axis plot presenting the results of EDMF and the new methodology (Cst. Opt.) 

 

3.4 Sensitivity of results to prior definition of uncertainties 

 

The choice of modelling uncertainties is based on engineering judgment. In this section, the impact of 

uncertainty ranges on the set of parameter values obtained using constrained optimization and, ultimately, 

on the final assessment of the loading capacity (Section 3.6) is assessed. 
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In Figure 10, uncertainties have been reduced in order to assess the sensitivity of results to uncertainty 

misevaluation. Uncertainties associated with FEM simplification have been reduced from [-5%, +13%] to 

[-3%, +5%]. This choice can be justified because 1) the finite element model incorporates secondary 

elements, such as barriers and diaphragms, 2) the most important parameters, including boundary 

conditions, are parameterized and 3) solid elements are used. Furthermore, the parameter range for the 

elastic modulus of barrier has been reduced from [0 GPa, 40 GPa] to [0 GPa, 25 GPa]. This choice can be 

justified because 10-mm joints made of bitumen sealant are placed between barrier blocks, which reduce 

their stiffness. However, more tests and analyses would be needed to confirm these hypotheses. 

 

The parameter-value set obtained with the new methodology using the first definition of uncertainties does 

not provide predictions within the new threshold bounds at locations P1, P2 and S6. Using the second 

definition of uncertainty, the lower bound of poured-concrete stiffness has been increased and the upper 

bound of the precast-concrete stiffness has been decreased resulting in lower stress at the bottom of the 

most-loaded beam predicted using the second model (axis on the right in Figure 10). The stress in the most-

loaded beam predicted with the most critical model obtained using the new estimation of uncertainty is 

5.8% lower than the stress predicted by the most critical model obtained using the original estimation of 

uncertainty. The impact on the prediction of load capacity using NLFEA is presented in Section 3.6.  
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Figure 10: Parallel axis plot presenting the results of the new methodology using the original and the new 

definition of modelling uncertainty 

 

3.5 Comparison with residual minimization 

 

In this section, previous results are compared with those of residual minimization using NLPQL 

(Schittkowski 1986). In residual minimization, the goal is to minimize the normalized root mean square 

error (NRMSE) between predictions and measurements. Equation (15) presents the objective function to 

be minimized. 

𝜽𝜽∗ =  min
𝜽𝜽

 
1
𝑛𝑛𝑦𝑦

 � �(
𝑔𝑔(𝑥𝑥𝑖𝑖 ,𝜽𝜽) − 𝑦𝑦𝑖𝑖
𝑔𝑔(𝑥𝑥𝑖𝑖,𝜽𝜽)

)2 

𝑛𝑛𝑦𝑦

1

                                                                      (15) 

 

NLPQL has been performed with 10 starting points. Seven of them provide the same value of NRMSE 

(=0.08) while the three others provide higher values of NRMSE. This difference can be due to local minima 

or convergence issues. Figure 11 presents the convergence graph for only 5 of those points for clarity. On 

average, 22 iterations (132 simulations) are needed to reach convergence. In residual minimization, no 

weight has been used and, thus, it is assumed that the information content of each observation is the same 
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and that the information content of one observation is independent of all others. On the contrary, in 

approaches based on EDMF such as the one proposed in this paper, the information content of each 

observation is reflected in the width of the threshold bounds. Furthermore, approaches based on EDMF are 

robust to misevaluation of error correlation between sensor locations (Goulet and Smith 2013). 

 
Figure 11: Normalized root mean square error with respect to the number of iterations of NLPQL 

 

Figure 12 presents a parallel-axis plot in which parameter values and predictions are plotted for the 

candidate models of EDMF (using the original definition of uncertainty) and for the model obtained with 

residual minimization. The “optimal” model obtained with residual minimization predicts a lower value of 

stress at the bottom of the most-loaded beam under the loads of the code than those identified with EDMF 

and with the new methodology. Furthermore, this model does not provide predictions that fall within 

threshold bounds for the two inclinometers. As opposed to residual minimization, EDMF and constrained 

optimization leads to a set of parameter values that provides predictions within uncertainty bounds for each 

measurement data, giving confidence on the parameter values identified and subsequent predictions. The 

impact of the model-updating methodology on the reserve capacity is presented in Section 3.6 for ULS 

verification and in Section 3.7 for SLS verification. 
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Figure 12: Parallel axis plot presenting the optimal model obtained with residual minimization and the 

candidate models obtained with EDMF. 

 

3.6 Load capacity estimation using non-linear finite element analysis 

 

In this section, non-linear finite element analyses (referred to as FEM3 in Figure 2) are performed in order 

to assess the bending load capacity of the bridge at the ultimate limit state using the parameter values 

obtained with constrained optimization and residual minimization.  

 

Figure 13 presents the model used to assess the load capacity at the ultimate limit state. In this model, the 

barriers are not considered explicitly and the bearings are modelled as pinned supports. Instead, the weight 

of the barriers is modelled by applying a load on the bridge at the location of the barriers. The parabolic 

post-tensioning tendons and the linear pre-tensioning tendons have been explicitly modelled in the 

simulation. Pre-tensioning and post-tensioning tendons have been modelled using beam elements. Then, 

the nodes of the beam elements are merged to the nodes of the solid concrete elements. The nodes of both 

elements have to be close enough (lower than a defined tolerance) in order to be merged. This is done by 

slicing the solid geometry in sub-parts in order to create edges that are coincident with the beam elements. 

Then, the same number of subdivisions are imposed for the beam elements and the edges of the solid bodies 

in order to have coincident nodes. Finally, the coincident nodes are merged. The reinforcement bars have 

not been modelled. Thus, the load capacity estimated in this paper is a lower bound estimate. 
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Figure 13: Finite element model used to assess the load capacity at the ultimate limit state 

 

The Eurocodes with the Singaporean National Annexes (SS EN 1991-2 Eurocode 1 2012; SS EN 1992-2 

Eurocode 2 2012) are currently used in Singapore for the design of new bridges. The loads mentioned in 

these documents were used to estimate load capacity. 

 

In this model (FEM3), strength properties are defined using codes. Structural properties of steel tendons 

are modelled using elastic perfectly plastic constitutive laws and the structural properties of concrete are 

modelled using a Drucker-Prager plasticity model that is defined by three parameters: 1) the uniaxial 

compressive strength fcd, 2) the uniaxial tensile strength fctd and 3) the biaxial compressive strength fc2cd.  

Design strength of concrete and tensioning tendons are reported in Table 3. Furthermore, the partial-safety-

factor method has been used for verification. Limitations regarding the use of the partial-safety-factor 

method with non-linear finite element analyses are mentioned in Section 4. 
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Table 3: Design strength of concrete and post- and pre-tensioning tendons 

 fcd [MPa] fctd [MPa] fc2cd [MPa]  fpd [MPa] 

Poured concrete 27 1.7 31 Pre-tensioning tendons 1374 

Precast concrete 16.7 1.2 20 Post-tensioning tendons 1273 

 

The load factor is employed to assess the reserve capacity of the bridge and corresponds to the extra-

carrying capacity of the bridge for bending verification at the ultimate limit state. The load factor LF is 

defined in Equation (16). 

 

𝐿𝐿𝐿𝐿 =
𝑄𝑄𝑓𝑓𝑐𝑐𝑖𝑖𝑙𝑙𝑝𝑝𝑝𝑝𝑝𝑝
𝑄𝑄𝑑𝑑

                                                                                                                                                (16) 

 

Where 𝑄𝑄𝑑𝑑 is the design traffic load (with partial safety factors) of the Eurocodes and 𝑄𝑄𝑓𝑓𝑐𝑐𝑖𝑖𝑙𝑙𝑝𝑝𝑝𝑝𝑝𝑝 is the load at 

failure obtained with non-linear finite element analysis. 

 

Figure 14 presents the load-displacement curves simulated using FEM3 when parameter values obtained 

by constrained optimization (Figure 14a and Figure 14b) and residual minimization (Figure 14c) are 

assigned to the model. Failure is reached when the ANSYS solver diverges. At failure, the pre- and post-

tensioning tendons are yielded. Yielding of the post-tensioning tendons occurs before yielding of the pre-

tensioning tendons. Concrete crushing (total strain of 3.5‰ in the concrete) does not occur at divergence. 

However, the strain in the deck has an asymptotic behaviour at divergence and therefore, crushing would 

have occurred for a similar load factor.  

 

The load factor obtained using constrained optimization with initial and modified uncertainty magnitudes 

is 1.48 and 1.53 respectively while the load factor obtained with residual minimization is 1.56. This small 

variation originates from the difference in the identified values of the elastic modulus of poured and precast 

concrete, which affect the lateral load distribution in the non-linear finite element analysis. These results 

indicate as expected that the parameters identified using EDMF do not significantly affect the ultimate load 

capacity. 
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a) Constrained optimization with initial 

uncertainty magnitudes

 

b) Constrained optimization with modified 

uncertainty magnitudes 

 
 

 

 
c) Residual minimization 

 
 

Figure 14: Load factor with respect to the deflection of the most-loaded beam using the set of parameter 

values provided by each model-updating approach: a) constrained optimization with initial uncertainty 

magnitudes; b) constrained optimization with modified uncertainty magnitudes; and c) residual 

minimization 

 

3.7 Implementation of the new methodology for serviceability limit state verification 

 

The methodology described in Section 2.2.2 and Figure 3 is used to estimate the load factor for reserve 

capacity at the serviceability limit state. Crack control was found to be the critical requirement for this case 

study. As it is a pre-stressed bridge and considering the exposure class of the bridge, the control of crack 

width is satisfied by ensuring that no tensile stress occurs in the concrete around bonded tendons.  
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Figure 15 presents the stress at the bottom of the most-loaded beam with respect to the load factor. The load 

factor is computed using Equation 16, in which 𝑄𝑄𝑑𝑑 corresponds to the design traffic load of the Eurocodes 

at the serviceability limit state. Tensile stress (cracking near prestressing cables) occurs for a load factor of 

1.25 for the constrained optimization with the 1st definition of uncertainty magnitude, 1.30 for constrained 

optimization with the 2nd definition of uncertainty magnitude and 1.55 for residual minimization. The 

parameter values identified by each model-updating methodology are depicted in Table 4. 

 

Using residual minimization for model updating can significantly affect calculations of load capacity of the 

bridge at the serviceability limit state, which might lead to unrealistic assessment of cracking vulnerability 

in existing bridges. Moreover, reduction in modelling-uncertainty magnitudes, which are needed to define 

constraints in the proposed methodology, leads to an increase of the load-capacity estimate of 5%. 

Furthermore, for each model-updating methodology, the load factor for the serviceability limit state is 

consistently lower than the load factor obtained for the ultimate limit state. This indicates that serviceability 

is the critical limit state for this case. 

 
Figure 15: Stress at the bottom of the most-loaded beam with respect to the load factor 

 

1

1.1

1.2

1.3

1.4

1.5

1.6

-4 -3 -2 -1 0 1 2 3

LF
 [-

]

𝜎𝜎 [MPa]

1st constrained opt
2nd constrained opt.
Res. Min.



29 
 

 

Table 4: Parameter values identified using constrained optimization and residual minimization 

 

4 Conclusions and future research 

 

Sensing has the potential to improve sustainability through quantification of previously unknown reserve 

capacity. In this paper, a new methodology has been proposed to update models of structural systems using 

measurements. Measurements taken during a static load test have been used to update a finite element 

model. This methodology, which is based on EDMF and constrained optimization, has been used to provide 

robust assessment of the load capacity of a reinforced concrete bridge at the ultimate and serviceability 

limit state. This methodology is expected to be useful for other complex critical infrastructure systems. 

 

As opposed to residual minimization, constrained optimization leads to a set of parameter values that 

provides predictions within uncertainty bounds for each measurement data, giving confidence on the 

parameter values identified and subsequent predictions. The set of parameter values obtained with 

constrained optimization also provides a lower load capacity than traditional implementation of EDMF and 

residual minimization while satisfying constraints imposed by measurements. It has been shown that 

residual minimization may over-estimate load capacity of existing bridges if model biases are not 

considered, especially at the serviceability limit state. At the serviceability limit state, the difference 

between the load capacity estimated using residual minimization and the one estimated using constrained 

optimization is up to 30% due to variation in the identified values of parameters. Thus, using residual 

minimization for model updating can significantly affect calculations of the load capacity of the bridge at 

the serviceability limit state, which might lead to a dangerous under-estimation of cracking vulnerability in 

existing bridges.  

 

 Ebarrier 
[MPa] 

Epoured 
[MPa] 

Rot. Stiff.  
[log(Nmm/rad)] 

Vert. Stiff. 
[log(N/mm)] 

Eprecast 
[MPa] 

Constrained optimization –  
1st definition of uncertainty 
magnitudes 

26139 20000 9 8.49 49929 

Constrained optimization –  
2nd definition of uncertainty 
magnitudes 

35979 20379 9.55 8.49 49152 

Residual minimization 40000 35000 13 8.27 42742 
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At the ultimate limit state, the parameters identified using EDMF do not significantly affect the ultimate 

load capacity. Indeed, load capacity is not significantly affected by element stiffness at the ultimate limit 

state as compared to the elastic domain (Eamon and Nowak 2002). An important shortcoming is that results 

from linear-range tests provide limited information for the non-linear ultimate behaviour. Furthermore, 

there are more unobservable parameters than stated. For example, compressive and tensile strengths of 

concrete govern the ultimate behaviour; however, value for these parameters are not updated in the proposed 

framework. Finally, contributions of non-structural elements, such as barriers, and bearing stiffness have 

not been considered for ultimate limit state verification. However, these elements might contribute 

significantly the bridge load capacity, from 1.1 to 2.2 times according to (Eamon and Nowak 2002).  

 

The weaknesses of the proposed method can be addressed with additional research. In this paper, the partial-

safety-factor method has been used for ultimate-limit-state verification. Two limitations arise when this 

method is employed in combination with non-linear finite element analysis (Schlune, Plos, and Gylltoft 

2012). Firstly, the use of reduced material strength can lead to unrealistic load distribution and failure 

modes. Secondly, the partial safety factors defined in codes are calibrated for design analysis of beam and 

column sections and might not reflect well uncertainties involved in non-linear finite element analysis. 

While the global-safety-factor method partially overcomes these limitations, the coefficient of variation of 

modelling uncertainties, which is needed to compute the global safety factor, is still not formally defined 

(Schlune, Plos, and Gylltoft 2012). 

 

Finally, the load capacity estimated with the proposed framework depends on the level of modelling 

uncertainties at sensor locations. Additional work might improve the evaluation of modelling uncertainties 

and the choice of initial parameter ranges. Inspection and non-destructive tests should be used to have a 

better estimation of initial parameter ranges and, thus, improve the estimation of load capacity. 
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