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ABSTRACT 

This paper presents Hierarchical Bayesian model updating of a 10-story building model based on the identified modal 

parameters. The identified modal parameters are numerically simulated using a frame model (exact model) of the considered 

10-story building and then polluted with Gaussian white noise. Stiffness parameters of a simplified shear model - 

representing modeling errors - are considered as the updating parameters. In the Hierarchical Bayesian framework, the 

stiffness parameters are assumed to follow a probability distribution (e.g., normal) and the parameters of this distribution are 

updated as hyperparameters. The error functions are defined as the difference between model-predicted and identified modal 

parameters of the first few modes and are also assumed to follow a predefined distribution (e.g., normal) with unknown 

parameters (mean and covariance) which will also be estimated as hyperparameters. The Metropolis-Hastings within Gibbs 

sampler is employed to estimate the updating parameters and hyperparameters. The uncertainties of structural parameters as 

well as error functions are propagated in predicting the modal parameters and response time histories of the building.  

Keywords: Hierarchical Bayesian; FE model updating; response prediction; modeling errors; uncertainty quantification and 

propagation. 

1. Introduction 

Finite model (FE) is often used to predict the response of built structural systems; however, even complicated and 

detailed FE model cannot provide the same structural response as its measured counterpart. This response prediction 

discrepancy can be mitigated and minimized by FE model updating method [1]. FE Model updating method was first applied 

in a deterministic manner in which model’s parameters are calibrated to match model-predicted data features with measured 

counterparts through an optimization process, then “optimized” model can be obtained. This deterministic model updating 

approach has provided many successful applications due to the simple application nature [2-5]. However, effective 

parameters (e.g., stiffness, mass) of structural systems, especially for civil structures, have been found to show evident 

variability due to the changing in-service environment such as wind excitation, temperature, rain, and human activity [6-8].  

This variability in modeling parameters is referred as “inherent variability” in this study and is separated from other sources 

of uncertainties such as measurement noise and identification errors. Presence of the inherent variability in structural 

parameters conflicts with the concept of a unique solution for the “optimized” model. Therefore, it is preferred to perform 

model updating in a probabilistic manner.  

Bayesian model updating based on Bayesian inference is one of the most common approaches for probabilistic model 

updating. Bayesian approach has many advantages over the deterministic method, including uncertainty quantification of 

model parameters, uncertainty propagation in response prediction and model class selection [9, 10]. Some successful 

applications of this method for structural model updating can be found in [11-15]. However, many of the previous studies 

neglect the inherent variability of structural parameters due to changing ambient and environmental condition (which may or 

may not be significant based on the structure and varying conditions) and consider the main sources of uncertainties as 

measurement noise and identification errors. The limitations of the classical Bayesian model updating formulations have been 

discussed by the authors in [16] and show that the model parameters’ uncertainties can be decreased unlimitedly by feeding 

more and more datasets into the process, which is not expected for civil structures. Note that this limitation is specific to civil 

structures where the modeling parameters show inherent variability due to changing in-service conditions. The Hierarchical 

Bayesian model updating is capable of estimating the structural inherent variability, measurement noise and modeling error 

by introducing and updating hyperparameters. Several pioneering applications have been made recently and its advantage 



over classical Bayesian approach has been demonstrated [17-22]. FE models calibrated through Hierarchical Bayesian 

approach are capable of predicting structural response more accurately by accounting for and propagating the inherent 

variability, measurement noise and modeling errors.  

This paper presents a Hierarchical Bayesian model updating framework and an application to a numerical 10-story 

building model. The inherent variability in structural stiffness parameters are considered as hyperparameters in the 

Hierarchical Bayesian model. Metropolis-Hastings (MH) within Gibbs sampling method is used to sample the posterior 

conditional probability density functions (PDFs) since the posterior joint PDF cannot be evaluated analytically. A 10-story 

frame building model is built and used to generate modal parameters which are used as “identified” datasets for model 

updating. Then a simplified 10 degree-of-freedom (DOF) shear building model is created and calibrated using the proposed 

model updating strategy. Due to the presence of modeling error in this application, the error function covariance matrix was 

overestimated to account for error bias. This prompts a second model updating process with non-zero mean error function. 

The modal parameters and displacement/acceleration time history predictions of calibrated model are significantly improved 

through the second model updating process. 

2. Hierarchical Bayesian model updating framework 

2.1 Formulation of Hierarchical Bayesian model updating 

The real-world civil structures always show inherent variability in the structural stiffness and mass, due to the changing 

in-service environmental conditions, including wind excitation, rain, temperature and human’s activities. In this paper, only 

the inherent variability in structural stiffness is considered, but the proposed Hierarchical Bayesian model updating 

framework has the capability to estimate the inherent mass variability (mainly due to human activity) as well in a similar 

manner. 

Fig. 1 presents the proposed Hierarchical Bayesian model. The changing in-service condition causes the variability in 

structural stiffness, which in turn causes the uncertainty in identified modal parameters, e.g., natural frequencies and mode 

shapes. In addition to this inherent variability, other sources of uncertainties exist in the modal parameters identification 

process, including measurement noise and identification error. The changing in-service condition is modeled as 

hyperparameters of a representative dynamic model of the real structure. For civil engineering structures, based on past 

studies and author’s experience, Gaussian distribution with mean 
θμ  

and covariance matrix 
θΣ is considered as a reasonable 

distribution for the stiffness vector tθ  of the dynamic model. Error function is defined as the difference between model-

predicted modal parameters with their identified counterparts, and it is assumed to follow a Gaussian distribution with mean 

eμ  
and covariance matrix 

eΣ .  

 

Fig. 1 Graphical representation of the proposed Hierarchical Bayesian model 

If there is no modeling error in the dynamic model, the variability of error function only comes from the noise, then it is 

reasonable to assume eμ 0 , as shown in Eq. (1): 

Dynamic Model

Service condition 

changing
t

t

λ

Φ

( , )θ θμ Σ ( ), ( )t tK θ M θ

( )

( )

t

t

λ θ

Φ θ

Error function

Hyperparameters

( , )e eμ Σ

Hyperparameters

Dataset  t

Noise



( , )
t

t

t N
 

  
  

λ

e

Φ

e
e 0 Σ

e
 (1) 

where 
te  is the error function for dataset t, including two parts: eigen-frequency error 

tλ
e  and mode shape error 

tΦ
e , which 

are vectors and consist of errors for different modes. The errors for each mode are defined as: 
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in which, the subscript m refers to mode number, 
tm  ( 2(2 )tm tmf  , where 

tmf  is identified natural frequency in Hz) and 

tmΦ are identified eigen-frequency and mode shape in dataset t, ( )m t θ and ( )m tΦ θ  are model-predicted counterparts. Γ is 

called picking matrix, which picks the corresponding components of ( )m tΦ θ  and makes it comparable with 
tmΦ . 

tma is a 

scaling factor, and defined in Eq. (4). Note that, in the case that modeling error exists, the assumption of 0eμ  might be 

violated, which can be overcome by a second model updating process with non-zero 
eμ  evaluated from the first model 

updating process, see the application in Section 3. The reason why 
eμ  is not updated with other model parameters is that, it 

might cause convergence issue due to the potential compensation effect between 
eμ  

and 
θμ . 

The 
eΣ is covariance matrix and assumed to be a diagonal matrix which means no correlation between different error 

function components, as shown in Eq. (5): 
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Note that, the full matrix 
eΣ  can also be considered and updated in this framework. 

Based on Bayes’ theorem, the posterior probability function is proportional to the product of likelihood function and 

prior function, Eq. (6) can be derived straightforward: 
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Eq. (7) can be derived from Eq. (6) based on the fact that the identified modal parameters only depend on the structural 

stiffness tθ  and the error function, therefore, the condition on hyperparameters ,θ θμ Σ  can be dropped. Since the structural 

stiffness only depend on its hyperparameters, therefore, the condition on eΣ  can be dropped and by assuming , ,θ θ eμ Σ Σ are 

independent in their joint prior distribution, Eq. (8) is readily derived from Eq. (7). 

In the case that multiple datasets are available, by assuming that all datasets are independent and structural stiffness at 

different time instants is independent, Eq. (9) can be derived: 
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   Φ Φ Φ Φ . tN  is the total 

number of datasets.  



To simply the formulation process, uniform prior distribution is used for 
θμ  and conjugate prior distributions are used 

for 
θΣ  and 

eΣ ( 2

i


e
): 
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in which, 
0 1,vθΣ , 

0

2

2 ,v  e  are parameters of the prior distributions. There are no universal optimal values for them, and should 

be adjusted based on specific applications. The posterior distribution function is the compromise of the likelihood function 

and prior functions; therefore, these parameters of prior distributions always have impact on the final posterior distribution. 

Careful selection and tuning these parameters based on prior knowledge is recommended, and if the total number of datasets 

is large enough, the effect of likelihood function should dominate and the impact of prior distribution can be minimized. 

The joint posterior distribution can then be derived from Eq. (9) by combining the prior distributions Eq. (10-12) and the 

assumed likelihood functions: 
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where 
pN  is the number of components in stiffness vector θ , 

eN  is the number of components in error function 
te , which 

is equal to (1 )s mN N , and mN  and sN  denote number of identified modes and number of components in each identified 

mode shape, respectively. 

2.2 Metropolis-Hastings within Gibbs sampling 

The joint posterior probability function Eq. (13) cannot be evaluated analytically, since it is only known to a scaling 

factor and needs multiple integrations to obtain the scaling factor. Markov Chain Monte Carlo (MCMC) method is a 

stochastic sampling method and can be used to generate samples from Eq. (13). Gibbs sampling method is one of the MCMC 

algorithms and is usually more efficient than Metropolis-Hastings (MH) algorithm, due to its high sample acceptance ratio 

(100%), but it requires deriving all the posterior conditional PDFs. Posterior conditional PDFs are not always available and 

depend on the specific applications. For this study, thanks to the conjugate prior distributions used, the posterior conditional 

PDFs are derived and listed below: 
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Gibbs sampling method samples only one parameter each step. There are multiple ways to decide the order of parameters 

to sample, either random choose one parameter each time, or sample the parameters in turn recurrently. In this study, the 

parameters are sampled in order   θ θ eΘ μ Σ Σ
 
recurrently. The sampling of Eq. (16) requires another MCMC 

algorithm since its full analytical expression is unknown and MH algorithm is applied here. The proposal distribution in MH 

algorithm is chosen as a normal distribution whose covariance matrix is adjusted to keep the acceptance ratio at a level 

recommended by [23]. Eq. (17-19) can be sampled directly since they are standard distributions. Therefore, MH within Gibbs 

sampling method is used to sample the derived posterior conditional PDFs in this study. Note that, each sample generated by 

MH within Gibbs contains all the updating parameters, i.e., , , ,θ θ eΘ μ Σ Σ . 

3. Application to a 10-story building model 

3.1 Description of the 10-story building model 

For the purpose of verification and demonstration, the proposed Hierarchical Bayesian model updating framework is 

applied to a 10-story frame building model (the exact model) shown in Fig. 2(a). Blue dots denote the considered 

accelerometers, i.e., measurements. The building foundation is constrained in horizontal and vertical direction and has 

rotational springs to constrain the rotation. The stiffness of the rotational spring is 52 10  kN/mrk   , story height is 3 m 

throughout the building, width of the building is 10 m, and the mass of each slab is 34 10  kg . The considered member sizes 

and material properties are summarized in Table 1. The Young’s modulus of each structural member is assumed to follow a 

Gaussian distribution with means and standard deviations summarized in Table 1. The stiffness of each structural member is 

assumed independent, but the stiffness of two columns on the same story is assumed to be equal. 

Table 1. Member sizes and material properties of 10-story frame building model 

Structural members Cross-section ( m m ) 
Young’s modulus (GPa) 

Mean Std 

Columns 

 Story (1-3) 0.3 0.3  50 3 

Story (4-6) 0.25 0.25  40 2 

Story (7-10) 0.2 0.2  30 1 

Slabs (all stories) 0.5 0.5  25 1 

Based on the assumed Gaussian distribution of material properties, 100 datasets of modal parameters are generated. The 

frame model is used to generate the exact modal parameters which are then polluted with Gaussian white noise to simulate 

the “identified data” for the purpose of model updating. The added noise level is 0.5% in coefficient-of-variation. In the 

identified data, only first three modes are considered (assuming other modes are not identified), and only the mode shape 

components corresponding to the accelerometers (blue dots) are considered, i.e., at stories 2, 4, 6, 8 and 10. Note that, the 

accelerometers are assumed to have only horizontal measurement. The histograms of the 100 sets of “identified” natural 

frequencies for the first three modes are shown in Fig. 3. The first three mode shapes of the frame building model (all 

members at their mean stiffness) are shown in Fig. 4. 

A 10 DOF shear building model is considered to represent the building for the purpose of introducing modeling error, as 

shown in Fig. 2(b). The base of the shear building is considered as fixed, slabs are assumed to be rigid, and the columns are 

grouped into three substructures (story 1-3, 4-6 and 7-10 as shown in Fig. 2(b)), with three updating parameters 1 3   

assigned for the Young’s modulus of the substructures. The grouping strategy or substructuring is often adopted in real 

structural applications to reduce the number of parameters and avoid the potential ill-condition of the inverse problem, but it 

will introduce additional modeling errors into the problem due to the smearing effect of grouping.  



  

(a) (b) 

Fig. 2 (a): 10-story frame building model; (b) 10 DOF shear building model 

 

Fig. 3 Histogram of natural frequencies of first three modes 

 

Fig. 4 First three mode shapes of the 10-story frame building model 

3.2 Model updating with eμ 0  

The proposed Hierarchical Bayesian model updating framework is applied to estimate the stiffness parameters 

 1 2 3, , 
T

  θ  and the associated hyperparameters of the 10 DOF shear building model using the “identified” modal 

parameters. The parameters of prior distributions in Eq. (11-12) are chosen as: 
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The proposed MH within Gibbs sampling method is used to sample the derived conditional posterior PDFs Eq. (16-19). 

It is found that 20,000 samples are large enough to provide sample statistics with desired precision, and the first 5000 

samples are discarded as burn-in samples. Burn-in strategy provides better sample estimate of updating parameters by 

discarding the initial few transitional samples. The samples of 
θμ  and ( )

i
θΣ  

(after burn-in) are shown in Fig. 5. Note that, 

for 
θΣ , only standard deviations 

i
  of each updating parameter is shown here. It can be observed that, the samples are 

distributed similar to Gaussian distributions. 

 

Fig. 5 Samples of 
θμ  and ( )

i
θΣ  

(after burn-in) 

After the samples are generated, sample statistics (e.g., sample mean, mode, standard deviation) can be derived 

accordingly. Note that sample mode is also referred as maximum-a-posteriori (MAP) value. The MAPs are evaluated as the 

parameters’ values which maximize the kernel PDFs derived from the samples. The histograms and kernel PDFs of 
θμ  are 

shown in Fig. 6. Note the kernel PDFs are normalized such that their peaks (MAPs shown as black dots) have the same 

height of the highest bins of the histograms. It can be observed that the samples of 
θμ  seem to follow a Gaussian distribution. 

 

Fig. 6 Histograms and kernel PDFs of 
θμ  (after burn-in) 
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are reported in Table 2. For ˆ

ie , the corresponding component of  error function 

is shown in parenthesis. i  refers to the eigen-frequency error component,  and 
,i j  refers to the mode shape error 
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component, i.e., component i of mode shape j. From Table 2, it can be observed that ˆ
i

  and ˆ
i

  are smaller than the actual 

mean and standard deviations shown in Table 1. This can be due to (a) the smearing effect of grouping strategy which 

neglects the independence of members stiffness values resulting in underestimation of ˆ
i

 , and (b) the modeling errors in the 

shear building model cause underestimation of ˆ
i

 . The ˆ
ij

 
are accurately estimated close to zero. The ˆ

ie are generally 

estimated larger than the added Gaussian white noise level, i.e., 0.5% for 
1

ˆ ( )e   and 
3

ˆ ( )e  , mainly due to the modeling 

error of the shear building model. 

Table 2. MAPs of Hierarchical model updating with eμ 0
 
and eμ 0  , and evaluated 

eμ  

MAPs of updating parameters With eμ 0  With eμ 0  

ˆ
θμ  (GPa) 

1
ˆ
  21.85 21.85 

2
ˆ
  23.23 23.31 

3
ˆ
  24.72 24.67 

ˆ ˆˆ( , )
i ij 

θ
Σ  

1
ˆ
  (GPa) 0.48 0.49 

2
ˆ
  (GPa) 0.49 0.50 

3
ˆ
  (GPa) 0.40 0.36 

12̂  0.01 -0.12 

13̂  0.10 0.03 (Evaluated)eμ
2( 10 )  23̂  0.11 -0.10 

ˆ ˆ( )
iee

Σ

3( 10 )  

1
ˆ ( )e   25.1 5.9 -2.36 

2
ˆ ( )e   0.8 7.7 0.01 

3
ˆ ( )e   55.0 10.0 5.39 

1,1
ˆ ( )e   0.8 0.5 -0.02 

2,1
ˆ ( )e   5.4 2.8 0.47 

3,1
ˆ ( )e   2.0 2.7 0.08 

4,1
ˆ ( )e   3.5 2.7 -0.22 

5,1
ˆ ( )e   2.1 2.2 0.01 

1,2
ˆ ( )e   6.3 4.2 0.45 

2,2
ˆ ( )e   5.9 5.6 -0.21 

3,2
ˆ ( )e   5.4 4.1 0.37 

4,2
ˆ ( )e   8.1 8.1 -0.06 

5,2
ˆ ( )e   6.2 5.3 0.37 

1,3
ˆ ( )e   21.9 12.7 1.63 

2,3
ˆ ( )e   5.4 5.1 0.07 

3,3
ˆ ( )e   14.6 7.2 -0.92 

4,3
ˆ ( )e   12.0 6.4 0.90 

5,3
ˆ ( )e   9.8 9.5 -0.20 

Based on the definition of error function in Eq. (2-3), the model-predicted modal parameters can be evaluated from Eq. 

(23-24): 
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tmtm m t m t e   θ θ  (23) 

( )

( ) tm

tm m t
tm

m ttm

a 
Φ

Φ ΓΦ θ
e

ΓΦ θΦ
 (24) 



in which, 
tθ  represents the Young’s modulus of the three substructures in the shear building model and follows a normal 

distribution ˆˆ( , )t N
θ θ

θ μ Σ . Eigen-frequency error 
tm

e  and mode shape error 
tmΦe follow a zero-mean Gaussian distribution 

ˆ( , )t N
e

e 0 Σ . 

The comparison between the calibrated shear building model prediction of natural frequencies (400 predictions) and 

simulated “identified data” is shown in Fig. 7. The black dots correspond to the same 100 data points used in the model 

updating process. It can be observed that the calibrated model predicted natural frequencies cover the scatter of actual data 

but they provide a much larger variability as shown in the estimated ˆ
e

Σ  at Table 2. It is also observed that the centers of two 

clouds (black vs gray) are not aligned, especially for modes 1 and 3, indicating bias in error function. Based on this 

observation, another model updating is performed in the following section where eμ 0  is considered and its value is 

estimated. 

 

Fig. 7 Comparison of natural frequencies of calibrated model ( eμ 0 ) with data 

3.3 Model updating with eμ 0  

In this section, the model updating process is repeated with eμ 0  to account for the observed bias in error functions. 
eμ  

is evaluated from Eq. (25): 

1

1
ˆ

tN

t

ttN 

 e
μ e  (25) 

where ˆ
te is equal to the error function evaluated from Eq. (2-3) using ˆ

tθ  obtained from section 3.2. The calculated 
eμ  is 

shown in  

. 

The model updating with eμ 0  follows almost the same process, except for the following minor modification made for 

Eq. (14) and (21): 
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Eq. (21):
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The MAPs of model updating with eμ 0  are summarized and compared with previous process in  

. It can be seen that, ˆ
θμ  

and ˆ
θ

Σ
 
do not show significant change. However, ˆ

e
Σ  is reduced for most of the components, 

especially for 1
ˆ ( )e   and 3

ˆ ( )e  , and the values for 1 3
ˆ ( )e    are closer to the added white noise level, i.e., 0.5%. The 
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comparison between model predicted natural frequencies (400 predictions) from calibrated model ( eμ 0 ) with simulated 

data is shown in Fig. 8. It can be observed that, the predicted natural frequencies match their counterparts very well and there 

is tighter fit compared to Fig. 7. 

 

Fig. 8 Comparison of natural frequencies of calibrated model ( eμ 0 ) with data 

4. Time history predictions 

The calibrated shear models are used to predict the dynamic response of the building to a small magnitude earthquake. 

The selected ground motion is the record at Antrodoco station during the 2009 L’Aquila Italy earthquake. The acceleration 

record of this earthquake is shown in Fig. 9. The response time history is estimated using modal superposition and the 

uncertainty of model parameters ( , )θ θμ Σ as well as errors ( , )e eμ Σ are propagated in the predicted time histories. Note that 

only contributions of the first three modes are considered in the predictions which introduces another source of error in 

predictions. The modal parameters are obtained using Eq. (23-24), with two cases of error function  (  and )t  
e e

e μ 0 μ 0 . 

The error function te
 
only includes the error for mode shape components at story 2, 4, 6, 8 and 10 (i.e., location of sensors). 

For time history predictions at other stories, the maximum value of 
,

ˆ ( ) ( 1...5,  1,2,3)e i j i j   
 
is selected and used, and 

0 
ie  is always used for unknown mode shape components. The predicted response is also sensitive to the variability-

uncertainty of modal damping ratios, therefore, a coefficient-of-variation of 30% is assumed for the first three modal 

damping with mean values of 2% (for predictions from the exact model, 2% damping ratios without variability is assumed for 

all the modes). Note that this variability can be obtained from system identification results from experimental data.  

The comparisons of predicted displacement/acceleration time histories from the exact model and calibrated models are 

shown in Fig. 10 and Fig. 11 for story 10 and 9, respectively (note that there is sensor on story 10, but no for story 9). The top 

and bottom graphs in each figure show the predictions from calibrated model with  and  
e e
μ 0 μ 0 , respectively. The red 

and blue shaded areas refer to predictions from the calibrated models and exact model, respectively. The shaded areas denote 

the 95% confidence interval of predictions. The red and blue center lines in the middle of shaded areas show the median 

values of predictions. The variability in the exact model prediction comes from the underlying probability distribution of 

material properties (Table 1). From Fig. 10 and Fig. 11, it can be observed that, the predictions from both calibrated models 

(  and  
e e
μ 0 μ 0 ) are capable of covering the variability and range of their counterparts from exact model for both 

measured location (story 10) and un-measured location (story 9), but predictions from calibrated model with eμ 0  show 

smaller variability and match the results of exact model better. 
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Fig. 9 Acceleration time history of 2009 L’Aquila Italy earthquake 

 

Fig. 10 Comparison of predicted displacement/acceleration time histories at story 10 from the exact model and calibrated 

models (zoom-in for 15-20 seconds) 

 

Fig. 11 Comparison of predicted displacement/acceleration time histories at story 9 from the exact model and calibrated 

models (zoom-in for 15-20 seconds) 
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5. Conclusions 

This paper presents a Hierarchical Bayesian model updating framework and an application to a 10-story building model. 

Hierarchical Bayesian model updating algorithm has the capability of estimating the inherent variability in structural 

parameters by introducing hyperparameters in the dynamic model. MH within Gibbs sampling method is used to sample the 

posterior conditional PDFs. The application to the 10-story frame building model shows that the calibrated shear building 

models are capable of predicting modal parameters and displacement/acceleration time histories even though evident 

discrepancies can be observed between estimated parameters and their nominal values due to the modeling errors introduced. 

The modal parameters and time history predictions are improved significantly through a second model updating process to 

account for the observed bias in error function, i.e., eμ 0 .  

Acknowledgements  

Partial support of this study by the National Science Foundation Grant 1254338 is gratefully acknowledged. The opinions, 

findings, and conclusions expressed in this paper are those of the authors and do not necessarily represent the views of the 

sponsors and organizations involved in this project. 

References 

1. Friswell M and Mottershead JE. Finite element model updating in structural dynamics. Springer Science & Business 

Media, 2013. 

2. Brownjohn JM and Xia P-Q. Dynamic assessment of curved cable-stayed bridge by model updating. Journal of 

Structural Engineering 2000; 126: 252-60. 

3. Teughels A and De Roeck G. Structural damage identification of the highway bridge Z24 by FE model updating. Journal 

of Sound and Vibration 2004; 278: 589-610. 

4. Reynders E, Roeck GD, Gundes Bakir P and Sauvage C. Damage identification on the Tilff bridge by vibration 

monitoring using optical fiber strain sensors. Journal of engineering mechanics 2007; 133: 185-93. 

5. Song M, Yousefianmoghadam S, Mohammadi M-e, Moaveni B, Stavridis A and Wood RL. An application of FE model 

updating for damage assessment of a full scale two-story RC building and comparison with lidar measurements. 

Structural health monitoring 2017, accepted. 

6. Alampalli S. Effects of testing, analysis, damage, and environment on modal parameters. Mechanical Systems and Signal 

Processing 2000; 14: 63-74. 

7. Clinton JF, Bradford SC, Heaton TH and Favela J. The observed wander of the natural frequencies in a structure. 

Bulletin of the Seismological Society of America 2006; 96: 237-57. 

8. Moaveni B and Behmanesh I. Effects of changing ambient temperature on finite element model updating of the Dowling 

Hall Footbridge. Engineering Structures 2012; 43: 58-68. 

9. Sohn H. A Bayesian probabilistic approach for structure damage detection.  1997:  

10. Beck JL and Katafygiotis LS. Updating models and their uncertainties. I: Bayesian statistical framework. Journal of 

Engineering Mechanics 1998; 124: 455-61. 

11. Ching J and Beck JL. New Bayesian model updating algorithm applied to a structural health monitoring benchmark. 

Structural Health Monitoring 2004; 3: 313-32. 

12. Yuen KV, Beck JL and Au SK. Structural damage detection and assessment by adaptive Markov chain Monte Carlo 

simulation. Structural Control and Health Monitoring 2004; 11: 327-47. 

13. Muto M and Beck JL. Bayesian updating and model class selection for hysteretic structural models using stochastic 

simulation. Journal of Vibration and Control 2008; 14: 7-34. 

14. Ntotsios E, Papadimitriou C, Panetsos P, Karaiskos G, Perros K and Perdikaris PC. Bridge health monitoring system 

based on vibration measurements. Bulletin of Earthquake Engineering 2009; 7: 469. 

15. Behmanesh I, Moaveni B and Papadimitriou C. Probabilistic damage identification of a designed 9-story building using 

modal data in the presence of modeling errors. Engineering Structures 2017; 131: 542-52. 

16. Behmanesh I, Moaveni B, Lombaert G and Papadimitriou C. Hierarchical Bayesian model updating for structural 

identification. Mechanical Systems and Signal Processing 2015; 64: 360-76. 

17. Jiang X and Mahadevan S. Bayesian hierarchical uncertainty quantification by structural equation modeling. 

International journal for numerical methods in engineering 2009; 80: 717-37. 

18. Ballesteros G, Angelikopoulos P, Papadimitriou C and Koumoutsakos P. Bayesian hierarchical models for uncertainty 

quantification in structural dynamics. Vulnerability, uncertainty, and risk: Quantification, mitigation, and management. 

2014, p. 1615-24. 



19. Nagel JB and Sudret B. Hamiltonian Monte Carlo and borrowing strength in hierarchical inverse problems. ASCE-ASME 

Journal of Risk and Uncertainty in Engineering Systems, Part A: Civil Engineering 2015; 2: B4015008. 

20. Wu S, Angelikopoulos P, Papadimitriou C, Moser R and Koumoutsakos P. A hierarchical Bayesian framework for force 

field selection in molecular dynamics simulations. Phil Trans R Soc A 2016; 374: 20150032. 

21. Behmanesh I and Moaveni B. Accounting for environmental variability, modeling errors, and parameter estimation 

uncertainties in structural identification. Journal of Sound and Vibration 2016; 374: 92-110. 

22. Huang Y, Beck JL and Li H. Bayesian system identification based on hierarchical sparse Bayesian learning and Gibbs 

sampling with application to structural damage assessment. Computer Methods in Applied Mechanics and Engineering 

2017; 318: 382-411. 

23. Roberts GO and Rosenthal JS. Optimal scaling for various Metropolis-Hastings algorithms. Statistical science 2001; 16: 

351-67. 


