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ABSTRACT: The analysis of damage and variability of material properties (stiffness) along the 
structure is essential to capture the stage of the structure and to predict a future behavior 
including reliability assessment. Two identification methods are used: artificial neural network 
(ANN) combined with stochastic analysis and sensitivity based method. The proposed 
methodology utilizes the dynamic response of structures when results of modal analysis are the 
input parameters (frequencies, modeshapes, etc.). Moreover, a logically complex and systematic 
treatment of concrete bridges is suggested in the paper. A statistical simulation of the Monte 
Carlo type is utilized twice in our approach: (i) at the stage of preparation of the training set for 
ANN and/or in sensitivity based identification and, once the model parameters are identified, 
(ii) to obtain the statistics of the response and for reliability calculations. The procedure can be 
outlined as follows: Experiment/health monitoring of bridge; development of a deterministic 
computational model to capture the experiment; inverse analysis to obtain parameters of the 
computational model; stochastic model of a structure; statistical, sensitivity and reliability 
analyses. Methodologies are verified using Colle Isarco viaduct. 

 
 

1 INTRODUCTION 

The damage localization and its level is the subject of research of both academic and industrial 
research groups during last decade. Non-destructive testing – vibration measurements to get 
modal data (frequencies, modeshapes) is the most promising technique as it can be performed 
for a structure in usage. The task is based on the fact that damaged structure has smaller 
stiffness in some parts – and this difference will affect vibration (modal data). The comparison 
of vibration of virgin (undamaged) structure and damaged structure can be used for the 
detection of damaged parts. An effectiveness of identification procedure is based on positioning 
of sensors used in health-monitoring, sensors placed very close to damage are usually the most 
sensitive  (Spencer et al., 2005). “The model updating method” is the term frequently used in 
damage identification (e.g. Huth et al., 2005, Deix & Geier, 2004, Teughels et al., 2002, Wenzel 
& Pichler, 2005). “Updating” means that parameters of FEM model are iteratively changed in 
order to minimize the difference between experimentally measured and calculated response. 

This paper describes a complex methodology for statistical and reliability analyses of concrete 
structures/bridges starting from the fundamental step – damage identification. It describes a 
virtual simulation to be used all the way from the assessment of experimental results to 
reliability analysis. The approach is based on a randomization of nonlinear fracture mechanics 
finite element analysis of concrete structures. Theoretical as well as practical application aspects 
are presented emphasizing the conceptual framework and key points of the solution. Efficient 
techniques using both nonlinear numerical analysis of concrete structures and stochastic 
simulation methods of the Monte Carlo type have been combined in order to offer an advanced 
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tool for assessment of the realistic behavior of concrete structures from the statistical and 
reliability points of views. The concept presented here proposed for concrete bridges uses a 
nonlinear computer simulation for realistic prediction of a structural response and its resistance. 
As nonlinear structural analysis is computationally very demanding – a suitable technique of 
statistical sampling technique should be utilized, which allows a relatively small number of 
simulations. The final results are: statistical characteristics of the response (stresses, deflections, 
crack width etc.), information on dominant and non-dominant variables (sensitivity analysis) 
and an estimation of reliability using a reliability index and theoretical failure probability. 

In order to use appropriate parameters of the computational model considering damage, an 
inverse analysis based on health monitoring has to be performed. A suitable technique for the 
inverse analysis is the stratified sampling scheme for the modeling of uncertain model 
parameters combined with artificial neural networks.  

In this paper, a logically complex and systematic treatment of concrete bridges is presented. A 
statistical simulation of the Monte Carlo type is utilized twice in our approach: (i) at the stage of 
preparation of the training set for the ANN and/or in sensitivity based identification and, once 
the damage is identified, (ii) to obtain the statistics of the response and for reliability 
calculations. The procedure can be outlined as follows: 

• health monitoring 

• development of a deterministic computational model of a bridge (roughly to capture the 
data from health monitoring) 

• inverse analysis to obtain the damage 

• deterministic computational model of a damaged structure 

• stochastic model of a damaged structure 

• statistical, sensitivity and reliability analyses of a structure. 

Several software packages are needed to solve the task and they are briefly described in the 
paper. Case study – Colle Isarco viaduct is shown as a partial application of proposed 
methodology. 

2 DAMAGE IDENTIFICTION ALGORITHMS 

2.1 Neural network based identification (NNBI) 

First of the proposed methods for damage identification is the technique based on artificial 
neural networks (ANN) in combination with stochastic analysis which is used for stochastic 
preparation of training set. It extends a methodology of inverse analysis developed and applied 
for fracture/mechanical parameters identification (Novák & Lehký, 2006). The main ideas of the 
approach for damage identification have been described in Lehký et al. (2007).  

First step is to consider identification parameters as random variables with the scatter reflecting 
the physical range of possible values. A random response is obtained from generated basic 
random variables. This set of data is used for the training of a suitable type of neural network. 
Once the network is trained, it represents an approximation that can be used in a way that 
ensures that for given experimental data, the best input parameters are provided, so that the 
calculation may result in the best agreement between experimental and numerical data. Scheme 
of the approach is presented in Fig. 1. 

Basic methods implemented in proposed methodology are: simulation of Monte Carlo type 
called Latin Hypercube Sampling (McKay et al., 1979), sensitivity analysis based on non-
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parametric rank-order correlation (Iman & Conover, 1980), artificial neural network – classical 
feed-forward ANN, multi-layer-perceptron (MLP) (e.g. Cichocki and Unbehauen, 1993). 

Multi-purpose software for any user-defined problem of the inverse analysis has been 
developed. It is based on the integration of software for statistical, sensitivity and reliability 
analyses FReET (Novák et al., 2008), and a neural network software DLNNET (Lehký, 2009). 
SOFiSTiK FEM software (SOFiSTiK AG, 2004) was used for dynamic analysis providing 
frequencies and mode shapes for identification purposes. 

 

Figure 1. A scheme of neural network based technique for dynamic damage identification. 

2.2 Sensitivity based identification (SBI) 

STRatified IDEntification a proposed sensitivity factor approach (Strauss et al., 2007) is 
structured in (a) discretisation of an external designed FE model in area domains eΩ and 

boundary domains eΓ associated with the basic variables (i.e., inputs of the FE model) which 
should be identified, and (b) the identification algorithm. Basic variables are physical quantities 
(e.g., concrete compressive strength fc, concrete tensile strength ft and fracture energy Gf) of a 
structure or structural component. They are expressed by PDFs, allowing the incorporation of 
uncertainties and the assessment of their participation in the structural response by sensitivity 
factor considerations (Novák et al., 1998). The identification algorithm starts with the 
randomization of the basic variables defined by their statistical descriptors (e.g., mean, standard 
deviation).  The randomization yields n–samples of the structure. The simulation comprises (a) 
the n times computation of the structural response, and (b) the sensitivity analyses of both the 
statistical response S and the basic variables B. The probabilistic simulated structural response 
combined with associated continuous monitored data expressed by statistical descriptors 
indicates the deviation of the considered numerical model from that of the existing structure. 
Hence, the difference D of the statistical descriptors (mean and standard deviation) between the 
simulated and monitored response can be used to update the investigated structure in the 
undamaged stage (new structures at the beginning of the lifetime) and for updating the basic 
variables during lifetime (i.e., existing structures).  

3 STOCHASTIC MODEL AND LHS SIMULATION 

Once the deterministic computational model of a bridge is developed and damage is identified 
using inverse analysis, a final step can be performed: development of the stochastic model – one 
has to define the basic random variables describing material, geometry, loading, etc. including 

[p] [y] 
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the statistical dependence. This information supported by the inverse analysis together with the 
deterministic computational model is used for consequent Monte Carlo type simulation to assess 
the effect of uncertainties and finally to quantify the structural reliability. 

For time-intensive calculations such as those involving nonlinear fracture mechanics of 
concrete, small-sample simulation techniques based on stratified sampling of the Monte Carlo 
type represent a rational compromise between feasibility and accuracy. Therefore, Latin 
hypercube sampling (LHS) was selected as a key fundamental technique. The method belongs 
to the category of stratified simulation methods (e.g. Mc Kay & Conover 1979, Novák et. al 
1998). It is a special type of Monte Carlo simulation which uses the stratification of the 
theoretical probability distribution function of input random variables. It requires a small 
number of simulations to estimate the requested statistics for the response.  

The basic feature of LHS is that the probability distribution functions for all random variables 
are divided into NSim equivalent intervals (NSim is the number of simulations); the values from the 
intervals are then used in the simulation process (random selection, middle of interval or mean 
value). The technique is implemented in software FReET (Novák et al., 2008). 

4 TOOLS 

The authors combined efficient techniques of both nonlinear numerical analysis of engineering 
structures and stochastic methods to offer an advanced tool for the assessment of the realistic 
behavior of concrete structures from the reliability point of view. Within the framework of this 
complex system attention is also paid to the modeling of degradation phenomena, such as 
carbonation of concrete, corrosion of reinforcement, chloride attack, etc. The combination of all 
parts (structural analysis, reliability assessment, inverse analysis and degradation modeling) is 
presented together in a package as the SARA software system. A representation of the program 
combination within SARA software is presented in Fig. 2. It includes: SARA (Bergmeister et 
al., 2004, Novák et al., 2005) – a software shell which controls the communication between 
following individual programs: ATENA (Červenka et al., 2007) – FEM nonlinear analysis of 
concrete structures; FReET (Novák et al., 2008) – the probabilistic engine based on  LHS 
simulation; DLNNET (Lehký, 2009) – artificial neural network software; FReET-D (Teplý et 
al., 2006) – degradation module based on FReET. 

 

Figure 2. The program combination within SARA software. 
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5 COLLE ISARCO VIADUCT 

5.1 General remarks and health monitoring 

The proposed methodologies are verified on a practical example of existing bridge structure: 
cantilever bridge on the Brennero highway in Italy (Fig. 3). A permanent monitoring system is 
installed on this bridge in order to collect data of strains and displacements under traffic load. 
Evaluation of the measured data in combination with the stochastic nonlinear analysis should be 
utilized for efficient bridge maintenance (Strauss et al. 2003). 

The fully post-tensioned box-girder bridge built in 1969 is cast-in-place balanced cantilever 
beam with varying girder depth. The mid-span has a length of 91 m, the cantilever beams have a 
length of 59 m and 17.5 m, the total length of the analyzed bridge structure is 167.5 m. The 
height of the box girder varies from 10.80 m over the middle support to 2.85 m in the mid-span. 
The bridge is cast from concrete B500 and is reinforced with mild steel BST 500. The post-
tension tendons system consists of 211 strands of St 1350/1500. 

A set of monitoring points placed on the structure provided the structural responses for the 
verification of the Service ability Limit State (SLS) associated with the vertical displacement 
and the Ultimate Limit State (ULS) of the structure (Strauss et al., 2008). About forty 
monitoring points were equally distributed symmetrically to the vertical middle plane along the 
structure in the upper and lower regions of the vertical slabs of the box girder. These points have 
been selected in agreement with sensors already mounted on the structure. A monitoring 
program has already been operated at this structure for more than three years by Santa (2004). 
One objective of the probabilistic investigation within the project SARA was the reliability 
assessment based on these recorded data.  Details about the monitoring program and its 
recorded data are reported in Strauss et al. (2008) and Santa (2004). 

 

91 m59 m 17.5 m
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Figure 3. Scheme and photo of Colle Isarco viaduct. 

5.2 Damage identification  

For damage identification a computational model in software SOFiSTiK (SOFiSTiK AG, 2004) 
has been developed and tuned according to experimental measurements (stiffness, 
eigenfrequencies and modeshapes). The girder was discretized into 31 parts, bending stiffness 
EI were defined for each part (EI1 to EI31). Damage was considered (artificially for study 
purposes) by decreasing of stiffness to 40 % in element 11 and 50 % in elements 10 and 12 in 
the region close to the left support (see Fig. 4). 
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The neural network consists of 1 hidden layer with 8 nonlinear neurons and an output layer with 
31 linear neurons (31 stiffness values). The stiffness range was from 25 % to 125 % of original 
stiffness (undamaged girder). There are also 8 parameters as an input of the network (all 5 
eigenfrequencies plus 3 points taken from 3rd, 4th and 5th modeshape). Training set is generated 
using 500 simulations of the LHS method. After the network was trained, the frequencies from 
experimental testing for damage state were used for the simulation of ANN. The output of ANN 
is a spatial distribution of stiffness along the girder (31 values). The final analysis by SOFiSTiK 
was performed using these values to obtain modeshapes and eigenfrequencies. 

Table 1. Eigenfrequencies for undamaged and damaged state identified by neural network based 
identification (NNBI) and sensitivity based identification (SBI) techniques. 

Modeshape Undamaged Damaged Damaged: identified 
by NNBI 

Damaged: 
identified by SBI 

1st 0.996 0.979 0.977 0.986 
2nd 1.191 1.187 1.181 1.178 
3rd 1.820 1.771 1.777 1.781 
4th 2.418 2.308 2.314 2.347 
5th 3.576 3.490 3.478 3.511 

Figure 5 shows bending stiffness distribution along the girder for undamaged (reference) and 
damaged states (reference and identified using both methods). It can be seen that location and 
magnitude of damage is identified correctly. Only in end parts the identified stiffness is lower, it 
is caused by small correlation between stiffness changes and modal properties changes in these 
parts. Final eigenfrequencies obtained after identification are presented in Tab. 1. 

 

Figure 4. Stiffness distribution for undamaged and damaged state identified by neural network based 
identification (NNBI) and sensitivity based identification (SBI). 

5.3 Reliability analysis 

The groups of load cases examined for this structure were dead loads, pre-stressing loads, traffic 
loads, and the boundary conditions. The traffic loads acting on the neighbouring suspended span 
were treated in the same way as the dead loads. The traffic loads were modelled as regularly 
distributed loads with a magnitude of 70kN/m. These loads acting downwards on the pavement 
of the box girder were incrementally increased until failure. To find the smallest load capacity, 
this procedure was performed for differently located line loads along the longitudinal axis of the 
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bridge. The uniform load along the entire girder was identified as relevant load case for the 
smallest load capacity. For the probabilistic assessment coefficients of variation of 15%, 30% 
and 45% for the traffic load were analyzed. The load case pre-stressing is given by 211 bar 
cable elements each with a diameter of 32 mm of type 850/970. The configuration of the 
bearing ensured a statically determined support of the girder. The finite element model was built 
in ATENA by using the previously mentioned geometric data. A detailed description of the non-
linear material models and discretisation of the structure can be found in Strauss et al. (2008).  

A reliability assessment was performed using 45 samples considering material uncertainties of 
the model. For the initial non-degraded structure a reliability index β of 10.5 was obtained for a 
coefficient of variation of 30% for the traffic load.  The required safety level corresponding to a 
β of 4.7 was fulfilled also for a higher coefficient of variation. Furthermore the cross section of 
the pre-stressed steel was reduced by 10%, 15% and 17.5% to simulate a degradation of the pre-
stressing bars. Fig. 5 shows reliability results including degradation effect in agreement with the 
expected curve progression outlined by various authors (Mori, 2001, Bergmeister, 1996).  

 

 

Figure 5. Reliability index β depending on global degradation 

6 CONCLUSIONS 

A complex and systematic treatment of concrete bridges is suggested in the paper starting from 
damage identification. The sensitivity based approach works by iterating steps, utilizing 
sensitivity measures that change during iteration. The neural network based approach utilizes a 
suitable preparation of training sets (modal data and stiffness in this case) and a trained neural 
network. Efficient techniques of stochastic simulation methods were combined in order to offer 
an advanced tool for the probabilistic assessment of the complex problems, such as those 
involved in nonlinear fracture mechanics modeling. Approaches have been applied for 
probabilistic assessment of Colle Isarco viaduct. 
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