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Abstract 
The stochastic model updating methods seek to determine the variability of the parameters of the model 

from the variability of the measured output. The experimental data measured on several samples of the test 

structure is influenced not only by variability associated with different test structures but also by 

measurement noise. In the first part of this paper some of the methods for statistical identification of 

structures are compared to identify the variability of the model parameters with and without the presence of 

measurement noise. Many of the current methods like perturbation based approaches cannot distinguish 

between the variability due to parameter variability and measurement noise. In the second part of the paper, 

a methodology for stochastic FE model updating is presented to obtain a robust estimate of the variability 

of model parameters. It is formulated to take into account data from multiple dynamic tests conducted on 

each sample of the test structure. The proposed methodology is validated on a simulated cantilever beam. 

1 Introduction  

Finite Element (FE) Models are widely used for analysis of engineering structures. A finite element model 

that accurately represents the dynamic behavior of a system is very useful for structural dynamic design and 

analysis, damage detection, structural health monitoring and vibration control [1]. Despite the high 

sophistication of FE modeling, prediction of dynamic characteristics using FE models often shows 

considerable discrepancies with respect to the experimental measurements. These discrepancies may arise 

due to modeling inaccuracies associated with material properties, boundary conditions, joints, damping and 

due to the idealization and simplifications made in the modeling [1, 2]. Measurement noise may also 

contribute to these discrepancies. FE model updating is now considered an acceptable approach to improve 

the correlation between analytical predictions and the experimental data. Usually, experimental data consists 

of modal frequencies, mode shapes, and frequency response functions. During past three decades, a lot of 

research has been carried out on development and application of model updating algorithms, such that the 

updated model is able to reproduce the measured data as closely as possible [2 - 4].  

The conventional approach to FE model updating is typically deterministic in nature, which means that the 

experimental data is obtained from a single test piece and therefore the measured data does not have any 

variability. However, such a deterministically updated model cannot predict the dynamics of a lot of sample 

of structures manufactured to a same nominal design [9, 10]. This happens because the dynamic 

characteristic of a population of samples of the structure has a variability associated with it, while the 

dynamic characteristics associated with the deterministically updated model are inherently single valued.  

The variability in the measured dynamic characteristics occurs due to inherent variation in the material 

properties, geometry and manufacturing from specimen to specimen.  Variability may also arise due to 

measurement noise [7, 8], environmental effect, damage [5], disassembly and reassembly of the same 

structure [11] and material degradation over a period of time. Many of the sources of variability like that 

due to variation in boundary conditions, joint properties, material properties, damping cannot be easily 

measured or quantified. This has led to the notion of what has come to be known as stochastic finite element 

model updating in which the idea is to identify and quantify these sources of variability through an inverse 

approach based on measured variability of dynamic characteristics [6].  
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The work by Collins et al. [8] first time proposed a statistical method for the treatment of measurement noise 

in the model updating. In this, a linearized sensitivity based approach is adopted and the statistics of the 

unknown parameters are determined from the noisy vibration measurements using minimum variance 

approach. Friswell [7] modified this method by incorporating the correlation between the measured data and 

the updating parameters. In the above methods, the uncertain parameters are identified on the basis of the 

measurements, which are noisy, from a single test piece. But variability due to material, geometry, and 

manufacturing arising from a number of nominally identical test samples is not considered [9]. Mares et al. 

[9] uses the regression analysis to obtain a linearized model in which optimization take place by gradient 

method for the treatment of test structure variability. Some other statistical approaches that have been 

applied for the stochastic model updating include maximum likelihood method by Fonseca et al. [12] and 

Bayesian methods (Beck and Katafygiotis [13, 14], Dwight et al. [15], Boulkaibet et al. [16]).  

However, the stochastic model updating methods are computational intensive due to the involvement of 

randomized updating parameters. Thus there is a need for developing computational efficient methods. Hua 

et al. [5] developed a mean centered perturbation method for statistical identification of uncertain model 

parameters by using the statistics of measured modal data. In this method, the first order perturbation 

approach is applied on the sensitivity based FE model updating method, which leads to two recursive system 

of equations that allows estimating the mean and variance of the updating parameters [5]. This method 

requires calculation of second order sensitivities, which is computationally expensive [6]. Khodaparast et 

al. [6] developed a perturbation method which can be approximated by omitting the correlation between 

updated parameters and the measured data leading to an approximate but computationally simpler version 

of the method. In the simplified method, only first order sensitivities are required. The Perturbation methods 

offer computational superiority in comparison with Bayesian and MC-based methods, but also have some 

limitations. These are related to the assumption that the parameters should follow Gaussian distribution and 

that the initial parameters estimate should be close to their true values.   

In this paper, the methods proposed by Collins et al. [8], Friswell [7], and Hua et al. [5] are compared for 

their effectiveness to identify the variability of model parameters from the measured modal characteristics 

in the presence of noise. The results are also compared with the Monte-Carlo simulation (MCS) method. 

The limitations of the methods are identified. A new methodology for robust stochastic FE model updating 

is then proposed. All the methods are evaluated through a numerical study on a cantilever beam structure.  

2 A brief description of stochastic model updating methods  

A brief description of the four methods (Collins et al. [8], Friswell [7], Hua et al. [5], and MCS) considered 

for the study is given in this section. For brevity, the first three of these methods are referred in this paper 

as, methods of Collins, Friswell, and Hua respectively. Methods of Collins and Friswell are formulated for 

dealing with uncertainty due to measurement noise, while the method of Hua is a perturbation approach 

formulated for dealing with variability associated with test-structure specimen.   

FE model updating is a kind of optimization problem, which starts with the determination of the correlation 

between the test data and the corresponding FE model data. If the correlation is not acceptable, then the 

difference between the two needs to be minimized by updating the chosen uncertain parameters of the 

model. The objective function of the optimization problem is defined as,  

   
2

1/2

2
Min -T

mJ W W z z      (1) 

where 1n   is the vector of the residue of modal data, 
1nmz


and  

1n
z 


are the measured and the analytical 

vectors of the modal data with  1f m mn n n     . f mn and mn   are the number of measured natural 

frequencies and measured mode shapes respectively. 
1m 

is the vector of updating parameters, and the n nW   

is the diagonal weighting matrix. The modal data is generally a highly nonlinear function of the updating 

parameters and therefore the optimization problem is defined by Eq. (1) is nonlinear in nature. The problem 

is often solved in an iterative way with the gradient based optimization method, in which the nonlinear 
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function is linearized at the current value of the updating parameters. The solution of Eq. (1) is found 

iteratively using following equations. 

      1k k k
  


    (2) 

     
-1

1/2 -
k kT T

mS S S W z z        
 (3) 

where 
 k

Δθ is the vector of parameters changes at the kth iterations step, 
    
k

mz z   
 

is the vector 

of discrepancy between the measured and the analytical modal parameters at the kth iteration step,  S  is 

the modal sensitivities matrix.  

2.1 Minimum variance method of Collins et al. (1974)  

In the method of Collins et al. [8], it is assumed that both the measured data and the updating parameters 

have errors which may be specified by their variances. In this method, the unknown updating parameters 

are assumed to be normally distributed with mean values  

 
    k k

E    (4) 

and, covariance matrix  

       
Cov ,

k k k
V    (5) 

It is assumed that updating parameters value at next iteration, 1k   may be updated using previous estimate 
 k

 as 

       1k k k

mT z z 

    (6) 

where T is an unknown transformation matrix to be determined. It is also assumed that the error vector 

mz z   ( z is the expected (mean) value of output predicted by FE model) follows joint normal 

distribution with mean  

   0E    (7) 

and covariance matrix 

 Cov( , ) TE V        (8) 

Since transformation matrix T in (6) is deterministic, the following equation can be written  

                1 1
0

k k k k k

mE TE z z E E    
 
        (9) 

The mean value of the parameters estimate gives the solution of the model updating problem. The best 

estimate of the mean will occur when the variance of the parameters is minimized. To obtain parameters 

with minimum variance, the variance matrix of the updated parameters must be calculated 

        1 1 1
T

k k k
V E    

     
  

 (10) 

Which is further expanded as  

                      1
T T

k k k k k k k k kT T

zV V D V S T T D S V TV T

       (11) 

where 
 k

zV  is given by  
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T T T

k k k k k k k k

zV S V S S D D S V     (12) 

The matrix T is obtained by minimizing the expression for the variance matrix given in equation(11). Thus 

the expression for the matrix T which gives the minimum variance for the updated parameters is 

           
1T

k k k k

zT V S D V


   (13) 

The expression of matrix T requires the variance of the current parameter estimates and also the correlation 

between the current parameters and the measurement noise. Therefore these matrices must be updated at 

every iteration step. The updated variance matrix may be obtained from Eq.(11), and the updated correlation 

matrix may be calculated from its definition and equation (6) and(13), as follows, 

                       
1

1 1 1
,

T
k k k k k k k k k kT

zD E D D V S D V S D V 


           
   

 (14) 

In Collins’s method the correlation between the updated parameters and the measurement noise is ignored 

by setting the correlation matrix to zero at each iteration. This gives two recursive system of equations which 

is used for the estimation of mean and covariance of the updating parameters, are   

                  
1

1
( )

T T
k k k k k k k k

e mV S S V S V z z 


     
  

 (15) 

                     
1

1
T T T

k k k k k k k k k

eV V V S S V S V S V


    
  

 (16) 

2.2 Minimum variance method of Friswell  (1989)  

Friswell corrected the assumption regarding omission of correlation between the updating parameters and 

the measured modal data. In Friswell’s approach, the correlation between updating parameter and the 

measured data is accounted for and is defined as  

  

 

0 1
( , )

2,3,4.....

k

m k

if k
Cov z

D if k



 


 (17) 

Now three recursive system of equations are obtained for the estimation of parameters, variances of 

parameters and the correlation matrix.  

                
1

1
T

k k k k k k k

z mV S D V z z 


       
   

 (18) 

 
                    

1
1

T
T T

k k k k k k k k k

zV V V S D V V S D


       
      

 (19) 

                  
1

1
T

k k k k k k k k

zD D V S D V S D V


       

   
 (20) 

2.3 Perturbation method of Hua et al.  (2008)  

Hua et al. considered the stochastic model updating problem by perturbation approach. In Hua’s approach 

the mean value and the covariance predicted from the FE model are converged upon the experimentally 

measured data and by doing so first two statistical moments of the uncertain parameters are determined. 

When uncertainty in modal parameters are considered in updating, the updating parameters in each iteration 

become random, and the model updating problem becomes more complicated. In Hua’s approach it is 
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assumed that the measured vector 
mz is defined by summation of a deterministic part (mean value) 

mz  and 

a random part 
iX  i.e.  

 
m m iz z X   (21) 

Where the term 
iX (with zero mean), referred to as basic random variable (BRV), represents the uncertainty 

in the measured modal parameters due to test structure variability and the measurement noise. Now using 

first order perturbation technique, the terms in Eq.(3), namely the change in structural parameters, modal 

sensitivity S, and error
mz z   , at the kth iteration step will be expanded as linear function in terms of 

BRVs around mean value point, i.e.  
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i
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Substitution Eq. (22)-(24) into Eq. (3) and comparing the zeroth order and first order terms of 
iX leads to 

two recursive systems of deterministic equations as,  

 ( ) ( ) ( )k k kS     (25) 

 
( )( ) ( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )
kk k k k k k

k k k km

i i i i i i i

zS z S
S S

X X X X X X X

  
 

        
          

         
 (26) 

Where the partial derivative of ( )kz and ( )kS with respect to
iX at each iteration step are evaluated by  

 
( ) ( ) ( )
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k k k

k
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1(k 1) (j)( ) (0) 1

1

k
k k

ji i i iX X X X

   






     
  

   
  (29) 

In the above equations, 
( ) ( )k kz   and 

( ) ( )k k

jS   are the first and the second order modal sensitivities 

respectively. Note that the starting estimate for the 
iX  in Eq. (29) is zero at the first iteration. On 

sequentially solving Eq. (25) to Eq. (29) one can get the mean of the change in structural parameters and the 

derivatives of the change in structural parameters with respect to BRV. Repeating the computation over all 

BRVs, one can obtain the matrix of 
( )k X    and 

( )k X    needed for the computation of the 

covariance matrix.  In practice, the mean and variance of the updating parameters are often needed which 

will be obtained by following equations.  

 ( 1) ( ) ( )k k k      (30) 
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where 
mzV is the covariance of the measured data. In this way, the Eq.(30) and the Eq. (31) gives the means 

and the covariance of the updating parameters respectively at the kth iteration step.  

2.4 Monte Carlo simulation (MCS) method 

In the MCS method, the statistical measured data is sampled giving N number of samples of measured data. 

Then deterministic model updating is performed for each samples of the measured data. When this is done 

for all the samples of measured data we get N sets of identified values of updating parameters, from which 

the statistics or variability of the updating parameters can be computed.  Thus the MCS approach essentially 

is a repeated application of deterministic model updating. 

3 A comparative study of some of the existing stochastic FE model 
updating methods  

The case study considered here for comparison is that of updating of an undamped finite element model of 

a simple but representative cantilever beam structure, as shown in Fig. 1, using simulated experimental data. 

The dimensions of the beam are 600 x 50 x 5 mm. The modulus of elasticity and density are assumed to be 

200 x 109 N/m2 and 7800 kg/m3 respectively. The beam is modeled using 12 noded beam finite elements. 

The displacements in y direction and the rotation about the z-axis are taken as two degrees of freedom at 

each of the nodes. This FE model is considered as a baseline model of the cantilever beam which will be 

later updated.  

Another FE model with the same topology as the baseline model is constructed to provide the simulated 

experimental modal data by introducing certain known discrepancies in the thickness of all the finite 

elements with respect to the baseline model. In the simulated experimental FE model, every three 

consecutive finite elements were grouped together, giving a total of 4 groups, in which discrepancies are 

introduced as detailed in Table 1.  

 

Figure 1: Cantilever beam structure 
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Group No. 
Element 

grouping 

Thickness of 

baseline model 

(mm) 

% deviation in mean thickness in the 

simulated exp. FE model  

1 1-3 5 + 20 

2 4-6 5 + 40 

3 7-9 5 + 10 

4 10-12 5 + 40 

Table 1: Discrepancies between baseline and the simulated  

experimental model with uncertain updating parameters. 

In this work, the study is divided into three different cases according to the source of uncertainties in the 

measured modal parameters.  

 Case-1: Uncertainties arise only due to the measurement noise  

 Case-2: Uncertainties arise only due to test structure variability  

 Case-3: Uncertainties arise due to both the test structure variability and the measurement noise 

In first two cases, the comparison of statistics of the updating parameters are identified using Collins’s 

method, Friswell’s method, and Hua’s method.  The results are also verified with MCS method. In third 

case only Hua’s method is compared with MCS. In all numerical studies, eigenvalues of the first six modes 

are assumed to be available as measured modal data. 

Case 1 - Uncertainties due to measurement noise 

It is assumed that 1% Gaussian, zero mean and uncorrelated random noise is present in each modal data. 

Updating using MCS method is performed by generating 500 samples of the simulated measured 

eigenvalues with noise. For updating using Collins’s and Friswell’s method an initial parameter coefficient 

of variance (COV, ratio of the standard deviation to the mean) of 0.15 was used for all the parameters. Table 

2 gives a comparison of percentage error in the mean values of the updating parameters obtained using the 

four methods while Fig. 2 (A) shows a comparison of the mean value of the updating parameters before and 

after updating. It is observed that the mean value of updating parameters obtain  by the methods of Collins,  

Hua, and MCS are very close to the simulated value and thus the percentage error after updating in the mean 

value is nearly zero. It is seen that the method of Friswell shows a significant error in the mean values. It is 

observed that the performance of the Friswell’s method is sensitive to the choice of initial variance of the 

parameters. 

 

Updating 

parameters 
Before updating  

After Updating  

Collins et al.  

(1974) 

Friswell 

(1989) 

Hua et al. 

(2008) * 
MCS * 

𝑡1 -16.66 -0.05 -6.99 -1.50E-08 0.17 

𝑡2 -28.57 0.14 -6.33 6.51E-09 -0.12 

𝑡3 -9.09 -0.02 -6.46 7.89E-09 -0.04 

𝑡4 -28.57 -0.04 -1.69 1.07E-09 0.13 

Table 2: Percentage error in updating parameters before and after updating 
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Table 3 and Fig. 2 (B) give a comparison of the COV of the updating parameters after updating using the 

four methods. It is noted that methods marked with ‘*’ do not require any initial estimate of variance of the 

uncertain updating parameters. It is observed that the magnitude of COV obtained by methods of Collins 

and Friswell are very small as compared to that obtained by Hua and MCS methods. It is because the former 

methods are the minimum variance methods which minimize the variance associated with the updating 

parameters, while the later methods associate the variability of the measured data to the variability of the 

parameters.  

 

COV Before updating  

After Updating  

Collins et al.  

(1974) 

Friswell 

(1989) 

Hua et al. 

(2008) * 
MCS * 

𝑡1 0.15 1.17E-03 2.18E-03 7.61E-02 1.51E-02 

𝑡2 0.15 2.79E-03 1.94E-03 4.53E-02 3.63E-02 

𝑡3 0.15 6.50E-04 1.33E-03 5.40E-02 7.84E-03 

𝑡4 0.15 1.78E-03 7.30E-03 2.65E-02 2.24E-02 

Table 3: COV of updating parameters before and after updating 

 

Figure 2:  Comparison of the mean of updated parameters (A) and the COV of updated parameters (B) 

It should be noted that the COV of the updated parameters (extracted from the updated covariance matrix) 

in this case does not indicate variability in the updating parameters but only gives an idea of confidence one 

can have in the identified mean values of the updating parameters.  

Case -2 Uncertainties arise only due to test structure variability 

In this section, the performance of the methods of Collins, Friswell, and Hua are compared with the MCS, 

in presence of test structure variability. In order to simulate the test structures, it is assumed that the each 

updating parameter is a statistically independent random variable having COV of 0.1. In this study, 500 

samples of the test-structures are generated. The uncertainty in the simulated modal data is obtained by 

forward propagation using MCS method. For updating using Collins’s and Friswell’s method an initial 

5238 PROCEEDINGS OF ISMA2018 AND USD2018



parameter COV of 0.15 was used for all the parameters. Model updating using MCS method is performed 

using both random and Latin Hypercube Sampling (LHS). The key idea behind LHS is to divide parameter 

space into equal probability space. This sampling technique, ensures a better coverage of random parameter 

space. In this case, as both the mean and covariance of updating parameters are known, the performances of 

model updating methods in identifying the statistics of updating parameters can be evaluated. Table 4 and 

Fig. 3 (A) gives a comparison of the percentage error in the mean value of the updating parameters after 

updating using the four methods while Table 5 and Fig. 3 (B) gives a comparison of COV of the updating 

parameters and % errors in COV respectively. It is seen that the method of MCS is performing very well for 

estimation of both the mean and variance of the updating parameters. The performance is even better using 

Latin Hypercube Sampling. Method of Hua is giving significant error in estimation of mean and COV of 

updating parameters. It is observed that in an earlier study [5] Hua’s method yielded better results on account 

of the fact that the forward propagation is done using perturbation approach which assumes the correct 

knowledge of the mean value of the measured data. However, in reality this is not so as the statistics of the 

measured data needs to be derived from a discrete set of measurements on a given number of test structures. 

The method followed in the present study closely simulates this process of generation of statistics of 

measured data. This inevitably gives rise to some error in the estimate of the mean and variance of the 

measured modal data. This is the reason why the estimates of the mean of the updating parameters obtained 

by the Hua’s method are in error. In nutshell it can also be said that while the Hua’s method reduces the 

whole sample space in terms of values of mean and covariance and uses this data for identification, the MCS 

method, on the contrary, uses whole sample space to perform identification.  Finally it is observed that the 

minimum variance methods of Collins and Friswell are not formulated for identifying the uncertainties of 

the stochastic updating parameters and hence the variances of the updating parameter identified from these 

method cannot be interpreted as estimate of the parameter variabilities. These methods are applicable only 

when variability arises solely due to measurement noise. 

 

Updating 

parameters 
Before updating   

After Updating  

Collins et al.  

(1974) 

Friswell 

(1989) 

Hua et al. 

(2008) * 

MCS * 

Random  LHS 

𝒕𝟏 -16.66  -0.06 -1.23 -1.45 0.15 0.012 

𝒕𝟐 -28.57  -0.03 -9.65 2.65 -0.32 0.004 

𝒕𝟑 - 9.09 0.02 1.33 -0.61 0.80 0.006 

𝒕𝟒 -28.57 -0.15 -9.27 -2.12 -0.22 0.006 

Table 4: Percentage error in updating parameters before and after updating 

Updating 

parameter 

COV in the 

simulated 

experimental 

model 

After Updating  

Collins et al.  

(1974) 

Friswell 

(1989) 

Hua et al. 

(2008) * 

MCS * 

Random  LHS 

𝒕𝟏 0.1 7.25E-03 0.08 0.11 0.091 0.10 

𝒕𝟐 0.1 7.32E-03 0.09 0.10 0.102 0.10 

𝒕𝟑 0.1 7.67E-03 0.07 0.10 0.099 0.10 

𝒕𝟒 0.1 7.95E-03 0.06 0.10 0.105 0.10 

Table 5: COV of updating parameters after updating 
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Figure 3: Comparison of the % error in mean (A) and COV of updated parameters (B) 

Fig. 4 shows a scatter of the first two natural frequencies corresponding to simulated experimental and   

analytical model at first and last iteration in case of updating using MCS. It is seen that at the end of first 

iteration the scatter of the natural frequencies corresponding to the analytical model is large and it converges 

upon the scatter of natural frequencies corresponding to the simulated experimental model at convergence. 

This shows the success of the MCS method. 

 

Figure 4: 2-D confidence ellipse at 1st iteration (A) and after updating (B) on a plane of f1 and f2 

Thus, for case - 2, the MCS method performs best while the performance of the Hua’s method is closed to 

that of MCS. The methods of Collins and Friswell should not be used for identifying variability.    

Case - 3 Uncertainty due to test-structure variability and measurement noise  

In this section, the performance of the method of Hua is compared with the MCS, in the presence of test 

structure variability and measurement noise. As already stated in case -2 the method of Friswell and Collins 

are not capable of handling test structure variability and hence these are not considered for study in case-3. 

A B 
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To simulate the test structures, it is assumed that each updating parameter is a statistically independent 

random variable having a COV of 0.1. In this study, 500 samples of the test-structures are simulated. In this 

case, the variability in the experimental modal data is simulated into two steps. First of all simulated modal 

data corresponding to each structure is obtained by forward propagation using MCS method. Then it is 

assumed that only one test is performed on each sample of the test-structure in the presence of 1% Gaussian 

random noise in the modal data. The process of performance of one test on a sample in the presence of noise 

is simulated by randomly picking a sample of the measured data from its Gaussian distribution having mean 

equal to the nominal value of the measured data for the sample and covariance equal to the simulated noise 

(of 1% in this case). 

Model updating using MCS method is performed using both random and Latin Hypercube Sampling (LHS). 

Table 6 gives a comparison of percentage error in mean values of the parameters after updating while Table 

7 gives a comparison of COV of updated parameters and Fig 5 shows the comparison of % error of COV of 

updated parameters from the simulated experiments. The % error in the COV of the updating parameters 

estimated by the Hua’s method is much larger than those found using MCS. It is observed that the result 

obtained using MCS method in this case have somewhat deteriorated over case -2 due to presence of 

measurement noise in the data. The Hua’s method shows little higher error as compared to MCS due to the 

reason explained in case 2.  

 

Updating 

parameters 
Before updating  Hua et al. (2008) * 

MCS * 

Random  LHS 

𝑡1 -16.66  -1.27 -0.16 0.14 

𝑡2 -28.57  2.59 -0.67 -0.07 

𝑡3 - 9.09 -0.75 0.46 -0.06 

𝑡4 -28.57 -2.07 0.46 0.12 

Table 6: Percentage error in updating parameters before and after updating 

Updating 

parameters 

COV in the simulated 

experimental model  
Hua et al. (2008) * 

MCS * 

Random  LHS 

𝑡1 0.1 0.14 0.10 0.10 

𝑡2 0.1 0.11 0.11 0.11 

𝑡3 0.1 0.12 0.10 0.10 

𝑡4 0.1 0.11 0.10 0.10 

Table 7: COV of updating parameters after updating 

Fig. 6 shows a scatter of the first two natural frequencies corresponding to simulated experimental and   

analytical model at first (A) and last iteration (B) in case of updating using MCS. It is seen that at the end 

of first iteration the scatter of the natural frequencies corresponding to the analytical model is large and it 

converges upon the scatter of natural frequencies corresponding to the simulated experimental model at 

convergence. Unlike case-2, in this case, the cloud of the updated modal natural frequencies are not wholly 

overlapped on the cloud of the measured natural frequencies. This is due to the presence of measurement 

noise in the modal data. 
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Figure 5: Comparison of % deviation of COV of updated parameters from simulated experiments 

 

 
Figure 6: 2-D confidence ellipse at 1st iteration (A) and after updating (B) on a plane of f1 and f2 

4 Robust parameter identification in stochastic FE model updating  

In case-3 of section 3, variability of the measured data arises due to both test-structure variability as well as 

measurement noise. In stochastic FE model updating, variability of the measured data is obtained by test on 

the multiple samples of the test-structure. Typically a single test is performed on each sample. However, 

this approach leads to statistics of the measured data which though captures the variability of the test-

structures but are also affected by measurement noise. The parameter identification through stochastic FE 

model updating using such a data will also be influenced by the measurement noise and hence not accurate 

and robust. This approach is referred as non-robust approach in further discussion in this paper.   

To deal with this problem an approach is proposed in this paper to perform robust identification of the 

uncertain parameters through stochastic FE model updating. In this method, multiple tests are proposed to 

be performed on each sample. The variability of the measured data on this sample is solely due to 
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measurement noise alone and hence this variability is removed by statistical averaging. This yields an 

estimate of the mean value of the measured data corresponding to this sample. This process is repeated for 

other samples yielding mean value of the measured data corresponding to them. In this way, the mean value 

of the measured data corresponding to various samples are free of measurement noise and are used for 

parameter identification using a stochastic FE model updating approach. This would form a robust procedure 

as the parameter identification is not affected by the measurement noise. This approach is referred as robust 

approach in further discussion in this paper. 

In the numerical study presented here, to be realistic, 20 samples of the test-structures are simulated. The 

uncertainty in the simulated modal data is obtained by forward propagation using MCS method. To simulate 

experiments, 10 number of tests are assumed to be carried out on each sample and a measurement noise of 

4% is added to the modal data of each sample. The procedure as explained above is followed to perform 

stochastic FE model updating using MCS and Hua’s method by both non-robust and robust approaches. 

Table 8 gives a comparison of percentage error in mean value of updating parameters obtained using the 

proposed robust method with non-robust method. Similarly Table 9 gives a comparison of COV of updating 

parameters. Fig 7 gives the percentage error in the COV identified in the robust and non-robust approaches. 

It is observed that the mean value and the COV of the updating parameters obtained using the robust 

approach are closer to the true values than those obtained using the non-robust approaches. This shows that 

the stochastic updated model is able to reproduce the statistics of the measured modal data very closely 

without being affected by measurement noise of the test procedures. This shows the robustness of the 

proposed stochastic model updating approach. 

 

Updating 

parameters 

Before 

updating 

Using non-robust approach  Using robust approach  

Hua et al. 

(2008) * 

MCS* 

(Random) 

Hua et al. 

(2008) * 

MCS* 

(Random) 

𝑡1 -16.6 0.31 2.39 -0.25 1.92 

𝑡2 -28.57  5.03 -1.37 6.01 0.89 

𝑡3 - 9.09 1.84 5.16 2.22 3.45 

𝑡4 -28.57 -0.66 1.25 -1.39 1.41 

Table 8: Comparison of % error in updating parameters using non-robust and robust approach 

Table 9: Comparison of COV of updating parameters using non-robust and robust approach 

Updating 

parameters 

COV in the 

simulated 

experimental 

model 

Using non-robust approach  Using robust approach  

Hua et al. 

(2008) * 

MCS* 

(Random) 

Hua et al. 

(2008) * 

MCS* 

(Random) 

𝑡1 0.1 0.22 0.15 0.18 0.13 

𝑡2 0.1 0.22 0.18 0.105 0.11 

𝑡3 0.1 0.18 0.14 0.13 0.12 

𝑡4 0.1 0.14 0.095 0.092 0.10 
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Figure 7: Comparison of % deviation of COV of updated parameters from simulated experiments 

Conclusion 

A comparative numerical study of the existing stochastic FE model updating methods in the presence of 

three different type of uncertainties are presented in this paper. On the basis of comparative studies for the 

case-3 in which uncertainties due to measurement noise and the test-structure variability both are present, it 

is concluded that the existing methods do not yield satisfactory results of the statistics of the updating 

parameters. An improved or the robust method for the identification of the statistics of the uncertain updating 

parameters is proposed in this paper. To demonstrate the performance of the robust parameter identification 

approach, a comparative numerical study is carried out between robust and non-robust approach, and it is 

found that the statistics of the parameters found by the proposed robust approach are closer to their true 

values than what is obtained from the non-robust approach.  
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