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Abstract 

Structural sensing provides aditional information concerning a given structure, which can be used to improve 
understanding regarding its behaviour. Data gathered from sensors has to be interpreted using probabilistic data-
interpretation techniques that lead to robust parameter identification, allowing updated models to be used to predict 
structural response at unmeasured locations. In this study, three data-interpretation techniques are compared – 
Residual minimization, Bayesian model updating (BMU) and Error-domain model falsification (EDMF). EDMF and BMU 
are first used on an illustrative example as an introductory exercise to system identification. Fatigue-life prediction for 
a highway bridge is made using these three techniques and results are used to evaluate robustness of these 
methodologies. A large bias is obtained for the predictive distrbution given by BMU. Spatial correlations between 
uncertainties can’t be assumed as independent, or a model class containing systematic error inducing parameters has 
to be used in order for BMU to provide with good results. EDMF permits robust predictions to be made with a simpler 
model class.  The simplicity in the EDMF  methodology makes it a better technique to be used in applications  pertaining 
to asset-management. 

1. Introduction 

Three data-interpretation techniques are used in this work to predict remaining fatigue life (RFL) of a highway bridge. 
The results are analysed to evaluate the robustness of each method for parameter identification. With advances in 
structural sensing, an everlasting built environment is now achievable in the foreseeable future. To attain such 
conjuncture, sensor data has to be interpreted in an accurate and robust manner, thus enabling efficient infrastructure 
management through appropriate inspection, maintenance and repair. Civil engineering infrastructures are designed 
using conservative models. Therefore, they possess reserve capacity that can be explored to make them last beyond 
their design life. Sensor information regarding a structure can be used to reduce model uncertainty and estimate this 
reserve capacity (Pasquier and Smith 2016). However, a methodology that makes rigorous treatment of modeling 
uncertainty and that is robust to incomplete knowledge is needed in order to make accurate predictions regarding 
reserve capacity of a structure.    

Several data-interpretation techniques used presently are based on assumptions that are not necessarily applicable in 
the context of civil engineering. Models are, by definition, approximations of reality. Simplifications regarding geometry, 
material properties, etc. induce bias in the model, while innapropriate model forms, simplified boundary conditions and 
other assumptions lead to errors that are systematic and spatially correlated. Pasquier and Smith (2015) presented 
several examples of common sources of uncertainty that arise from assumptions made when modeling complex civil 
engineering structures. In order to obtain accurate indentification, the employed methodology has to be robust when 
in presence of these uncertainties.  

Studies have been made showing that commonly used techniques such as residual minimization and Bayesian model 
updating (BMU) can lead to biased results due to the misevaluation of the modeling error’s probability density function 
(PDF) and their spatial correlations (Goulet and Smith 2013; Simoen et al. 2013; Pasquier and Smith 2015). Moreover, 
Yan and Katafygiotis (2015) noted that civil engineering structures might not be identifiable in a Bayesian framework 
due to their complex nature and high number of parameters. These outcomes can therefore lead to misguided asset-
management decision-making. A methodology that is not only robust in the presence of varying uncertainty, but that 
also permits accurate predictions while using reduced models is then needed. Goulet and Smith (2013) proposed an 
approach that makes a combination of each source of uncertainty and falsifies inadequate models based on 
conservative probabilistic thresholds computed on an estimated PDF of these combined uncertainties. This is an 
approach that leads to robust identification of parameters without the need of precise knowledge about modelling error 
dependencies.  

Even though comparisons between data-interpretation techniques have been made on illustrative examples, where it 
has been demonstrated that, when utilizing a Bayesian approach and in the presence of systematic errors, biased 
posterior distributions can be obtained due to assumptions of independence between uncertainties (Goulet and Smith 
2013; Pasquier and Smith 2015; Simoen et al. 2013), few studies have been conducted on real structures. Pai et al. 
(2017) evaluated the applicability of EDMF, BMU and modified BMU in the prediction of the remaining fatigue life (RFL) 
of a cover plate detail of the Venoge bridge, located in Switzerland. Results showed that both EDMF and modified BMU 
give robust bounds that include the value obtained from measurements, for RFL prediction of the cover plate detail.  

The techniques used in data-interpretation require a large number of simulation runs using a finite element (FE) model 
of the structure, which is computationally expensive. One way of bypassing this time-consuming process is to build 
surrogate models to replace the finite element model. There are various methodologies that can be used to build 
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surrogate models. Some of them have been reviewed by Rutherford et al. (2006). Neural networks are used  in this 
study to predict structural response for fatigue life assessment. 

This dissertation work builds on the research carried out by Pai et al. (2017) through studying the robustness of three 
data-interpretation techniques – residual minimization, BMU and EDMF – to variations in modeling error and selection 
of model class. Different scenarios regarding uncertainty estimation are considered and the difference in results for 
each methodology is studied using a graphical user interface (GUI) toolbox developed. A different model class from the 
one used in Pai et al. (2017) is adopted and disparities in results are compared. RFL for three different critical details is 
also predicted using updated information of the Venoge bridge.  

2. Methodologies of data-interpretation 

 2.1 Residual minimization 

One of the most commonly used data-interpretation techniques is residual minimization. The methodology focuses on 
finding a parameter vector 𝜃 that minimizes sum of the square of the residual difference between model predictions 
𝑔𝑖(𝜃) and measured values 𝑦𝑖  at every measurement location 𝑖 = {1, … , 𝑛𝑚} : 

�̂� = arg 𝑚𝑖𝑛 ∑ 𝑤𝑖

𝑛𝑚

𝑖=1

(𝑔𝑖(𝜃) − 𝑦𝑖)2 (1) 

where �̂� contains the optimal parameter values, 𝑛𝑚 is the number of measurement locations and 𝑤𝑖  are weighting 

factors. As suggested by Mottershead et al. (2011), 𝑤𝑖 = 𝑦𝑖
−2 is used in this study. The parameter values  �̂� are optimal 

if the residual between predictions and measurements follow a zero-mean independent Gaussian distribution. This 
assumption is often not satisfied in civil engineering structures, given that a model 𝑔(𝜃) merely approximates the 
behavior of a structure and, as noted by Mcfarland and Mahadevan (2008), independence between uncertainties is 
seldom verified.  

2.2 Bayesian model updating 

Bayesian model updating is a method that uses Bayes’ theorem to update the prior knowledge of model parameters 
using available information (i.e. measurements). The prior distribution 𝑃(𝜃) of the unknown parameters of the model 
is updated using a likelihood function 𝑃(𝑦|𝜃) according to Bayes theorem :  

𝑃(𝜃|𝑦) =
𝑃(𝑦|𝜃)𝑃(𝜃)

𝑃(𝑦)
(2) 

In Eq. 2 𝑃(𝑦) represents the normalization constant and 𝑃(𝜃|𝑦) he posterior distribution. The prior knowledge 
expresses initial belief regarding values of structural parameters, before taking measurements into account. The 
likelihood gives the plausibility of observing measurement data from the model class given a specific set of parameters, 
and is mostly based on a Gaussian distribution, as shown in Eq.3.  

𝑃(𝑦|𝜃) ∝ 𝑐𝑜𝑛𝑠𝑡. exp (−
1

2
(𝑔(𝜃) − 𝑦)𝑇Σ−1(𝑔(𝜃) − 𝑦)) (3) 

In Eq. 3 𝑔(𝜃) represents a vector of model predictions, 𝑦 a vector of measurement data and ∑ a covariance matrix with 
correlations between uncertainties at measured locations. The posterior distribution 𝑃(𝜃|𝑦) is obtained using the 
normalization constant, 𝑃(𝑦), that can be computed by the following expression :  

𝑃(𝑦) =  ∫ 𝑃(𝑦, 𝜃)𝑑𝜃 =
Θ

∫ 𝑃(𝑦|𝜃)𝑃(𝜃)𝑑𝜃
Θ

(4) 

where Θ is the parameter domain.  

In most applications of BMU, uncertainties are usually described by independent Gaussian distributions (Beck and 
Katafygiotis 1998). Additionally, the same variance is assumed for every location, which is hardly the case for models 
that possess systematic errors. These are common assumptions made, when a Bayesian framework is applied, that can 
lead to biased predictions (Pasquier and Smith 2015). To obtain accurate predictions with BMU, spatial correlations 
have to be taken into consideration and estimated correctly, which is a hard and often unfeasible task (Simoen et al. 
2013). 
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2.3 Error-domain model falsification 

Let 𝑔(𝜃) be a vector of structural response predictions at various measurement locations using a model class that takes 
𝑛𝑝 physical parameters, 𝜃𝑘 , as an argument. If the real value of the system’s parameters 𝜃∗ are known, the true 

response of the system is equal to the difference between the prediction given by the model 𝑔(𝜃∗) and the modeling 
error 휀𝑚𝑜𝑑𝑒𝑙 , and also to the difference between the measured value and the measurement error 휀𝑚𝑒𝑎𝑠𝑢𝑟𝑒  : 

𝑔𝑖(𝜃∗) +  휀𝑚𝑜𝑑𝑒𝑙,𝑖 =  𝑦𝑖 +  휀𝑚𝑒𝑎𝑠𝑢𝑟𝑒,𝑖  (5) 

In reality, the true value of the parameters as well as errors and uncertainties are unknown, and can only be described 
by random variables 𝑈𝑚𝑜𝑑𝑒𝑙  and 𝑈𝑚𝑒𝑎𝑠𝑢𝑟𝑒  , each represented by probability density functions 𝑓𝑈(휀). Eq. 5 is then written 
in the following form : 

𝑔𝑖(𝜃) + 𝑈𝑚𝑜𝑑𝑒𝑙,𝑖 =  𝑦𝑖 + 𝑈𝑚𝑒𝑎𝑠𝑢𝑟𝑒,𝑖  (6) 

By rearranging the terms in Eq. 6, the following relation is obtained : 

𝑔𝑖(𝜃) − 𝑦𝑖  =   𝑈𝑚𝑒𝑎𝑠𝑢𝑟𝑒,𝑖  −  𝑈𝑚𝑜𝑑𝑒𝑙,𝑖 (7) 

where the residual of the difference between predicted and measured values is described by a combined PDF 
representing modeling and measurement uncertainties.  

A model instance (i.e. a combination of a model class and a parameter set) is falsified if its observed residual lies outside 
the interval defined by threshold bounds 𝑇𝑙𝑜𝑤  and 𝑇ℎ𝑖𝑔ℎ  computed over this combined PDF for a given target reliability 

𝜙. 

∀𝑖 ∈ [1, … , 𝑛𝑚] , 𝑇𝑙𝑜𝑤,𝑖 ≤ 𝑔𝑖(𝜃) −  𝑦𝑖 ≤ 𝑇ℎ𝑖𝑔ℎ,𝑖 (8) 

∀𝑖 ∈ [1, … , 𝑛𝑚] ,    𝜙
1

𝑛𝑚 = ∫ 𝑓𝑈𝑐,𝑖
(휀𝑐,𝑖)𝑑휀𝑐,𝑖

𝑇ℎ𝑖𝑔ℎ,𝑖

𝑇𝑙𝑜𝑤,𝑖

(9) 

Eq. 9 gives the shortest interval [𝑇𝑙𝑜𝑤    𝑇ℎ𝑖𝑔ℎ] over the combined ucertainty PDF for each measurement location 

𝑓𝑈𝑐,𝑖
(휀𝑐,𝑖) that contains the target reliability 𝜙. The Šidák (Šidák 1967) correction is used, which leads to the 

determination of conservative bounds without having to take into account correlations between uncertainties (Goulet 
and Smith 2013). Model instances that aren’t falsified are considered as candidate models and all instances are equally 
likely to explain observed behavior. A model class G is falsified when all its model instances are falsified by these 
threshold bounds. When a model class is falsified, a review on initial assumptions is suggested. The EDMF methodology 
has been applied to several case studies since its proposal. A list of these applications can be found in Smith (2016). 

3. Illustrative example 

In this chapter, a preliminary study is done as an introductory exercise to structural identification. EDMF and BMU are 
used to identify the parameters of a simple structure. The illustrative structure consists of a cantilever beam, where 
the rotation of the fixed end is modeled by a rotational spring of stiffness K, as presented in Figure 1. 

Figure 1 Illustrative structure to which data interpretation methods will be applied 

The beam has a rectangular cross section of inertia I, and the other parameters that characterize its linear structural 
behavior are its length L, the Young’s modulus E, and the rotational stiffness K.  The true values set for these parameters 
are presented on Table 1. The beam’s displacement 𝛿(𝑥) at a given location 𝑥 due to a force F applied on its free end 
can be calculated using the following expression: 
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𝛿(𝑥) =  
𝐹

𝐸𝐼
(

𝑥3

6
−

𝐿𝑥2

2
) −

𝐹𝐿

𝐾
𝑥 (10) 

Three measurement locations -  x1 = 4575 mm, x2 = 4150 mm, and x3 = 3725 mm - are used, where simulated 
measured displacements 𝑦𝑖(𝑥) are obtained by adding to the real displacement 𝛿∗(𝑥)  a measurement error that follows 
a zero mean Gaussian distribution with a standard deviation of 0.02 mm. 

 
E [𝑮𝑷𝒂] L [𝒎𝒎] K [𝑳𝒐𝒈(𝑵𝒎𝒎/𝒓𝒂𝒅)] I [𝒎𝒎𝟒] ×𝟏𝟎𝟖 F [𝒌𝑵] 

True value 31 8100 11 54.20 20 

Initial parameter range 30 - 40 8000 - 8500 9 - 12 52 – 56 20 

Table 1 True values and initial ranges for the beam’s parameters. 

3.1 Sensitivity analysis 

In order to select the model class for identification, a sensitivity analysis was conducted to study the parameters that 
have the most influence on the beam’s response. The relative importance of each parameter over structural response 
is plotted in Figure 2. 

 

Figure 2 Influence of each individual parameter on the beam’s displacement 

By analysing the results presented in Figure 2, it can be seen that the most dominant parameter, when it comes to 
influence over the beam’s displacement, is the rotational stiffnes K of the beam’s spring. Given these results, the model 
class selected for this example is composed solely by the parameter K. 

3.2 Identification results 

Secondary parameter uncertainty and sensor noise are the only sources of uncertainty present in this example. Given 
that both of these sources of uncertainty follow a Gaussian distribution, the combined uncertainty PDF also follows a 
Gaussian distribution. The mean and standard deviations of the combined uncertainty PDF for each measurement 
location are given in Table 2.  

 
𝒙𝟏 = 𝟒𝟓𝟕𝟓 𝒎𝒎 𝒙𝟐 = 𝟒𝟏𝟓𝟎 𝒎𝒎 𝒙𝟑 = 𝟑𝟕𝟐𝟓 𝒎𝒎 

Mean (mm) 0.56 0.49 0.42 

Standard deviation (mm) 1.92 1.68 1.44 

Table 2 Mean and variance for combined uncertainty PDF for each measurement location. 

For EDMF, threshold bounds were computed for a target reliability 𝜙 =  √0.95
3

 since three measurement locations are 
being taken, and 8238 models were falsified out of the 10 000 model instances generated. For BMU, the ranges 
presented in Table 1 define uniform distributions that are updated with a likelihood function based on an Gaussian 
distribution centered on the mean value of the combined uncertainty PDF. Spatial independency was assumed between 
measurement locations. 100 000 samples of the posterior distribution were taken using Markov Chain Monte Carlo 
simulation based on the Metropolis-Hastings algorithm, with verified convergence. The obtained posterior distribution 
is presented in Figure 3, alongside the results of the identification using EDMF.  



5 

 

 
Figure 3 Summary of results from parameter identification using EDMF and Bayesian Model Updating 

Figure 3 shows that Bayesian model updating led to biased identification of the value of K. The biased results are due to 
wrongly assumed spatial correlation values between measurement locations. The same conclusion was demonstrated 
by Pasquier and Smith (2015). 

3.4 Considerations regarding the illustrative example 

For the illustrative example considered herein, biased results were obtained when using Bayesian model updating for 
identification of a single parameter, whereas EDMF led to correct parameter identification. In a purely academic study, 
where the true value of the structure’s parameters are known, it is easy to quantify uncertainties, obtain results and 
compare methodologies. In a real structure, where little is known about modelling errors, such tasks are hard to achieve. 
Nonetheless, there is still the need to compare and evaluate the applicability of different data-interpretation techniques 
using full scale structures, as results obtained severely influence decision-making. In the next chapter, three techniques 
are compared for fatigue life evaluation of a real highway bridge.  

4. Case study 

4.1 Structure description 

The structure considered in this study, called as the Venoge bridge, is a 219m net span steel-concrete composite bridge located in 

the municipality of Denges, Switzerland. It was originally built in 1961 and later extended in 1995 to accomodate an 
extra lane in each direction. The old and extended part of the bridge are indicated in Figure4. The extended part of the 
bridge is studied in this work, as it is the location of the slow lane on which heavy vehicles pass. 

 

Figure 4 Old and extended sections of the Venoge bridge 

Old bridge Extension 
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The bridge is divided into four spans of 52m, 60m, 55m and 52m. The five supports are referred as Sup 0, Sup 1, Sup 2 
and Sup 4 throughout this study. Fatigue life predictions are made for three different details CD1, CD2 and CD3 located 
26m, 112m and 139.5m from the Lausanne abutment, respectively. The Venoge bridge is monitored with twelve sensors 
distributed over two sections in the first span. For each of these locations there are 6 sensors distributed over the top 
and bottom flanges of the interior girder that supports the extended part of the bridge. A representation of the sensor 
positions can be seen in Figure 5, where SB and SC indicate sensor positions B and C, respectively.  

Figure 5 Location of the sensors and critical details 

CD1 corresponds to a T-section stiffener located in the middle of the first span used to connect a transversal beam to 
the girders. A fatigue reliability study of this detail was done by D ’angelo and Nussbaumer (2015), where results showed 
that the detail is safe with a reliability index of 9.14 for a 100 year design life, assuming no increase in traffic. A 
200x55mm stiffener located at the second support, Sup 2 according to Figure 5, is considered for CD2. The stiffener 
considered as CD3 is the similar to CD1, but located in the middle of the third span. 

4.2 Sensor and traffic load data 

Reserve fatigue life can be estimated using the in-service data provided by the strain gauges. Strain measurements 
recorded by sensors B1, B2, B3 and B4 from 18/11/2013 to 24/11/2013 are used to update knowledge regarding the 
behavior of the bridge. The time history of strains obtained from measurements can be used to compute the stress 
histogram using the rainflow algorithm (Downing and Socie 1982). Stress values below 2 MPa aren’t considered in the 
analysis given their low contribution to fatigue damage. Having obtained the stress histogram for each location, the 
fatigue damage corresponding to the period considered is given by Miner’s rule (Miner 1945) : 

𝐷 =  ∑
𝑛𝑖

𝐶 ∙ ∆𝜎𝑖
−𝑚  (11) 

In Eq. 11 𝑛𝑖 corresponds to the number of cycles for a given stress range ∆𝜎𝑖  , 𝑚 to the slope of the S-N curve considered 
and 𝐶 a constant that depends on the critical detail. Finally, since one week of sensor data is considered, remaining 
fatigue life is calculated by : 

𝑅𝐹𝐿 =  
1

52 ∙ 𝐷𝑤𝑒𝑒𝑘

(12) 

As for model predictions, traffic information gathered from a weigh-in-motion (WIM) station is used alongside the finite 
element model of the bridge to compute remaining fatigue life for each model instance. A WIM station, located 1km 
away from the bridge, provides data regarding heavy traffic load, more specifically time of passage, speed, number of 
axles, total length, gross total weight, axles weight and distance between axles of trucks that passed in the considered 
period. Having this information, an axle train is generated and passed over the influence line for stress, for each desired 
location. Consequently, a stress time history is obtained and remaining fatigue life can be calculated by following the 
aforementioned procedure.  

4.3 Model class 

Identifying every parameter that has an influence on structural response is an unfeasible task. Therefore, a sensitivity 
analysis was conducted in order to determine the parameters that most influence the response of the bridge. These 
parameters, along with their relative importance, are presented in Table 3. 
 

Parameter Range Relative importance (%) 
Elastic modulus of steel, Es (GPa) 190 - 210 2.85 
Elastic modulus of concrete, Ec (GPa) 20 - 40 10.75 

219m 
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Connection between concrete deck and steel girders 
longitudinally, KdeckX (log N/mm) 

4 - 6.5 43.60 

Connection between concrete deck and steel girders 
transversally, KdeckZ (log N/mm) 

4 - 7 16.32 

Vertical stiffness of Sup 0, KYO (log N/mm) 3 - 6.5 1.62 
Horizontal stiffness of Sup 0, KXO (log N/mm) 3 - 7 1.13 
Rotational stiffness of Sup 0, ROTZO (log Nmm/rad) 9 - 14 3.09 
Vertical stiffness of Sup 1, KY1 (log N/mm) 5.5 - 8 18.18 
Horizontal stiffness of Sup 1, KX1 (log N/mm) 2 - 5 2.49 

Table 3 Initial range adopted for the parameters that influence structural response 

 

Scrutinizing Table 3 it can be observed that the parameters that have the most influence on structural response are Ec, 
KdeckX, KdeckZ and KY1. Therefore, these are the parameters adopted to constitute the model class for updating 
knowledge regarding structural behavior. 

4.4 Sources of uncertainty 

Several sources of uncertainty other than measurement error have to be accounted for in order to make correct data-
interpretation. Most of these sources can’t be parameterised and can only be estimated using engineering heuristics. A 
summary of the sources of uncertainty considered is presented in Table 4. 
 

Source Distribution Min/Mean Max/Std. dev. 
Secondary parameters (%) Uniform -1.2 2.2 
Surrogate model (%) Uniform -20 15 
Model bias (%) Uniform -2 10 
Traffic load (%) Uniform 1 3 
Vehicle position (%) Uniform 0 3 
Measurement error (%) Gaussian 0 0.5 

Table 4 Sources of uncertainty 

These ucertainties are combined using Monte Carlo simulation in order to obtain the combined uncertainty PDF based 
on which the threshold bounds for EDMF are computed and the likelihood function is constructed for BMU.  

4.5 Structural identification 

Identification results using residual minimization, BMU and EDMF are presented in this section. For EDMF, threshold 
bounds were computed for a target reliability 𝜙 = 0.95 and 88469 models were falsified out of 100000 model instances 
generated. For BMU, the ranges presented in Table 3 define uniform distributions that are updated with a likelihood 
function based on the combined uncertainty PDF. Uncertainties at various measurement locations are assumed to be 
independent. One million samples using Markov Chain Monte Carlo simulation are used to obtain the posterior 
distribution, with verified convergence. As for residual minimization, one single solution is found, corresponding to the 
model instance with the smallest weighed sum of the square of the residuals over every measurement location.. Fatigue 
life predictions using the three methodolgies for the sensor locations used for updating are plotted in Figue 6. 

 

Figure 6 Identification using information obtained from sensors B1, B2, B3 and B4 
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The first observation that can be asserted, when analyzing Figure 6, is the large bias between the posterior distribution 
obtained with BMU and the value for RFL computed when using measured values. Taking results from sensor B1 as 
means of comparison, RFL prediction using the initial parameter set varies between 449 and 1157 years whereas the 
95th percentile of the posterior distribution obtained with BMU contains predictions that vary between 495 and 987 
years. Moreover, the 95th percentile of the posterior obtained for sensor B1 does not include the value obtained using 
measurements. The reduction in uncertainty after updating knowledge with BMU is not significant. EDMF, on the other 
hand, provides robust identification with reduction in uncertainty. RFL predicted using the candidate models filtered by 
EDMF lies between 829 and 1011 years for sensor B1. The bounds given by EDMF for RFL prediction include the value 
obtained from measurements in all locations considered. Results obtained from residual minimization are inconsistent. 
For sensors B1 and B2, these results give an underestimation of RFL when compared to the value computed using 
measurements, while overestimated predictions are obtained for sensors B3 and B4. Identification results are presented 
in Figures 7 and 8, where the posterior distributions obtained through BMU for each parameter of the model class are 
plotted in the former, and a parallel axis plot of the candidate models filtered through EDMF is shown in the latter. 

 
The same remark can be made when analyzing Figures 7 and 8. Uniform posterior distributions are obtained from BMU 
for the parameters that are being identified, meaning that there was no reduction in uncertainty after updating the 
models with measurements. In Figure 8 a parallel axis plot of the candidate models identified using EDMF is presented. 
Each candidate model is represented by a line that intercepts each axis on the parameter values of the accepted model 
instance. A reduction in uncertainty related to the parameter KdeckX can be seen, when inspecting Figure 8. The initial 
range of values defined for this parameter – [4  6.5] –  is reduced to [4  4.7353] as a result of applying the EDMF 
methodology. The optimal model instance identified using residual minimization is included in the candidate models 
given by EDMF. This can be observed in Figure 8, where the line that depicts the solution obtained with residual 
minimization is coincident with a line that represents the same model instance accepted by EDMF. Similarly, it can be 
seen on Figure 8 that RFL prediction bounds given by EDMF incorporate the prediction of the least squares optimal 
solution for all measurement locations. 

4.6 Remaining fatigue life prediction for the critical details 

Having updated knowledge regarding the structure’s parameters, remaining fatigue life predictions can be made for 
unmeasured locations. Three different details were considered, as described in section 3.1 and their remaining fatigue 
life predicitons are presented in Table 5. RFL for the bridge is dictated by critical detail 1, as it is the detail with lowest 
fatigue life.  

  
Remaining fatigue life (years)  

EDMF 
BMU (MLE) Residual minimization  

Lower bound Higher bound 

CD1 863 1124 635 957 

CD2 10880 14910 9263 12920 

CD3 7317 10360 4864 8325 

Table 5 RFL predictions for three different critical details 

Figure 7 Identification of parameters using BMU 

 

Figure 8 Parallel axis plot of candidate models using EDMF 
(blue) and optimal solution using residual minimization (red) 
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5. Robustness of the data-interpretation methodologies 

A graphical user interface (GUI) toolbox was developed to assist in decision-making, where different scenarios related 
to uncertainty estimation can be considered. Results from the three data-interpretation techniques are shown through 
a plot of remaining fatigue life prediction for sensor B1. With this toolbox, the user can study the robustness of EDMF, 
BMU and residual minimization to variations in uncertainty and make decisions based on differences observed and the 
level of risk desired. In the toolbox, the sources of uncertainty that are harder to estimate – model bias, vehicle position 
and surrogate model error – can be varied according to three different scenarios – low, medium and high uncertainty. 
Table 6 summarizes the different uncertainty scenarios that are considered. 

 
Uncertainty scenario  

Low Medium High 

Model bias [-2%  5%] [-2%  10%] [-2%  15%] 

Vehicle position [0%  1%] [0%  3%] [0%  5%] 

Surrogate model error [-15%  10%] [-20%  15%] [-25%  20%] 

Table 6 Uncertainty scenarios considered in the toolbox 

The toolbox permits the user to express beliefs regarding the modeling process and make decisions based on observed 
results. There are certain combinations of uncertainty that are worth considering, where the difference in fragility to 
misevaluated uncertainty can be observed for the different data-interpretation techniques. The low uncertainty 
scenario for model bias is one of these cases. The results for this scenario are shown in Figure 9, alongside the results 
for the scenario of medium uncertainty for all sources. Simplifications were made in the modeling process that can 
introduce a 10% bias in model predictions, as stated in Table 4. Therefore, taking a 5% higher bound for model bias is a 
clear misevaluation of this source of uncertainty.  

Figure 9 Data-interpretation results for sensor B1 for a scenario of medium uncertainty for all sources (left) and low model bias 
(right) 

As shown in Figure 9, EDMF results for this scenario do not include the value obtained from measurements, and 
therefore suggests that a review on initial assumptions and quantification of uncertainties is needed. The residual 
minimization technique calibrates parameters in order to find one single solution that minimizes the squared sum of 
residuals. This procedure doesn’t take modeling errors into account and therefore it is not sensible to the variation of 
uncertainty. Goulet and Smith (2013) have shown the drawbacks and limitations of utilizing this technique. A wrong 
estimation of model bias doesn’t have much effect in results given by BMU. The lower bound for the 95th percentile 
changes from 495, for the medium scenario, to 493 years when considering low model bias. Only results given by EDMF 
give suggestions regarding the correct estimation of model bias.  

6. Discussion 

When employing residual minimization, it is assumed that the difference between predictions and measurements is 
only dependent on the choice of parameter values and Gaussian uncertainty related to sensor noise. Since models used 
for prediction are inevitably biased, inaccurate results are obtained when using this technique. This can be observed in 
Figure 6, where conservative predicitons are obtained for sensors B1 and B2 and an overestimation of RFL is obtained 
for sensors B3 and B4, when compared to the value computed with measurements. Studies have shown, through 
illustrative examples, that when in presence of systematic errors with unknown spatial correlations, BMU leads to biased 
results due to the wrong assumption of independence between uncertainties (Goulet and Smith 2013; Pasquier and 
Smith 2015). In this work, a large bias is obtained for results given by BMU, when compared to values computed with 
measurements and predictions using EDMF. Analyzing the model class used to update knowledge regarding the 
structure’s behavior, it can be noticed that KY1 is the only parameter present in the model class that can potentially 
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lead to systematic errors. Parameters such as KYO, KXO, ROTZO and KX1 were considered as secondary parameters and 
assumptions made regarding their values introduced systematic errors in the model that are spatially correlated. When 
identifying using BMU, spatial independence was assumed, and thus biased results were obtained.  Pai et al. (2017)  
predicted RFL for the venoge bridge using a model class that contains a higher number of systematic error inducing 
parameters and obtained results with BMU that are less biased from the value computed with measurements. 
Nevertheless, using the model class presented in this study, EDMF provides with accurate results given that knowing 
the spatial relationship between uncertainties is not needed for this methodology. Apart from providing biased results, 
the BMU methodology does not indicate when uncertainties are being misevaluated. Spatial correlation between 
uncertainties have an influence over results and by considering them as independent, minor changes were observed 
when taking different combinations of uncertainty. When using EDMF, it is not required to know the correlation 
between errors to obtain accurate predictions. Results are only dependent on the estimation of the combined 
uncertainty PDF. When this PDF is wrongly estimated, the methodology suggests a review on assumptions, as shown in 
section 4. For complex civil engineering structures, uncertainties are hard to estimate and spatial correlations between 
them can’t be determined. EDMF provides a framework that enables iterative evaluation of uncertainties that are often 
hard to quantify, which can lead to better decision-making. The procedure taken in this work followed the methodology 
proposed by Pasquier et al. 2016 for fatigue assessment of existing bridges and the toolbox described in section 4 can 
be used as a support for decision-making in the last step of the methodology, where the performance of the bridge is 
evaluated based on results obtained with data-interpretation. 

It can be noted that the high computational time required to sample the posterior distributions, the need for substantial 
knowledge regarding modeling uncertainties and their correlations, and the overall complex nature of the methodology 
makes it hard for BMU to be implemented not only in the toolbox presented in this study, but also in a decision-making 
framework that is compatible with an engineer’s modus operandi.  

6. Conclusions 

Three data-interpretation techniques were employed to predict remaining fatigue life of a highway bridge. Comparison 
of the results obtained with the methodologies are made with respect to accuracy when compared to predictions 
obtained from measurements. A GUI toolbox was developed to evaluate the robustness of each technique to variations 
in uncertainty estimation and aid in decision-making. The following conclusions can be made: 

• Data-interpretation improves knowledge regarding the behavior of the bridge, increasing fatigue life prediction 
from 474 years to 863 years.  

• A large bias is obtained for prediction of RFL using BMU due to the assumption of independent spatial 
correlations between uncertainties while considering a lot of parameters that induce systematic errors as 
secondary parameters. EDMF allows for accurate predictions to be made with a simpler model class, i.e. a 
model class that doesn’t include parameters that contribute to systematic errors.  

• A thorough quantification of uncertainties and their spatial correlations is needed in order to obtain good 
results with BMU, which is an unfeasible task in the context of civil engineering. EDMF provides accurate results 
when there is little information regarding modeling errors. 

• EDMF is a methodology that is simple to understand and employ while not requiring long computational time. 
Therefore, it is preferable to utilize this technique in applications that aid in decision-making, rather than BMU. 
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