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Abstract 
Damage identification and localization is a major issue in aging civil engineering structures, 
even more so when the structures involved are made of reinforced concrete. Mathematical 
models that show solid results and good performance in laboratory are often unreliable on 
real structures because of the additional complexity and additional uncertainties involved. In 
this study, the existing submatrix scaling factors model for damage localization is modified 
and enhanced. A submatrix scaling factor identifies the damage within a structure at element 
level through the element stiffness matrix. The proposed modal submatrix scaling factor 
identifies the damage at sub element level. It determines not only which element is damaged 
but also which mode is affected: axial load stiffness, bending moment and shear stiffness, 
torsional stiffness. This gives useful insight about the damage; it can identify if a crack is 
involved rather than a loss of pretension. The new method requires a larger and deeper 
neural network framework, deep learning, that was prohibitively expensive up to now. 
Nowadays however, the rise of GPGPU parallel computing makes the method affordable. 
The neural network is the center piece of a larger framework that includes: Structural Health 
Monitoring (SHM) system and a parametric finite element (FE) analysis. The SHM system is 
installed on a real reinforced concrete bridge and it is used to gather the input data for the 
neural network. The parametric FE analysis is used to compare the output of the neural 
network with the real structure and to train the neural network. 

 

1 INTRODUCTION 

Civil engineers have studied civil structures so that structures can support external loading 
conditions. Civil structures are basically well designed to stand against outside forces but 
there is some case that structures go through regional defect. The element-level structural 
failures may lead local fault of some structural elements and it may cause huge structural 
collapse. In order to avoid system scale failure, it is necessary to monitor and control the 
structures in advance. 

In order to examine structures’ behavior and characteristic, system identification is widely 
employed [1]. Most of system identification techniques are involved in modal analysis which 
is the most effective system identifying way to study dynamic characteristic of structures [2]. 
Frequency domain decomposition (FDD) is the simplest method to obtain modal parameters 
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such as natural frequencies, mode shapes and damping ratios. However, it has shortcomings 
in processing time series data set since it only reflects limited set of measured data. 
Alternatively, time domain based modal analysis methods is able to deal with parametric 
condition along data progress [3]. 

Autoregressive (AR) model, which is one method of time domain based system 
identification technique, has advantage of the presence of autoregressive parameters [4]. To 
compute modal parameters of the structures, the eigen-system realization algorithm (ERA) is 
utilized with autoregressive coefficients (ARCs) [5]. The change of ARCs and modal 
parameters means that something is changed over the structure. More elaborate algorithm for 
damage detection is needed rather than just simple contrast of ARCs and modal parameters. 
In this study, neural network algorithm for damage detection is used for model updating. The 
outcome of the neural network is the submatrix scaling factors of difference force type: KN, 
KMy,Vz, KMz,Vy, KT.  

To validate the study, two experiments were done on the simply supported reinforced 
concrete bridge. The purpose of two experiments was to obtain time series acceleration 
responses. The data obtained are applied to AR model and ARCs are computed by the Burg’s 
algorithm. ARCs are used as an input of neural network algorithm for damage detection. 

2 METHOD 

2.1Autoregressive model 

The Autoregressive (AR) model is efficient method to compute the next value 
stochastically based on its former values. The output only AR model is adopted to conduct 
modal analysis of the structure. The output only AR model used in this study is shown in 
equation (1) [6]. 
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In this study, Burg’s algorithm, which is the most efficient and dependable method to 
compute ARCs, is used to compute the p number of ARCs [6]. 
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where, ui(t) and vi(t) are respectively the forward prediction error and the backward 
prediction error. 
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where, φii is burg’s estimation for partial autocorrelation functions. 
The Burg’s algorithm of forward and backward prediction from equation (2) and (3) can 

computes the ARCs in form of φii. ARCs obtained by burg’s algorithm are utilized to 
establish the system state matrix shown as equation (4). 
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The ERA of the system state matrix yields modal parameters such as natural frequencies, 
mode shapes and damping ratios [7]. 
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Natural frequencies: 
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Mode shapes: 
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Damping ratios: 
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2.2 Neural network algorithm to detect damage information 

The ARCs obtained by burg’s algorithm have stationary characteristic, so they are used to 
check whether the target structure is damage or not. Each ARC has constant mean and 
standard deviation even in different time series data set. A variation of the ARCs means that 
some part of the structure has been damaged. However, we don’t know where and which 
kind of damage has been occurred. To identify the damage location and extension, an 
optimization algorithm for damage detection is required. In this study, neural network 
algorithm is selected as a damage detecting technique. The ARCs are regarded as an input 
variable of neural network algorithm and submatrix scaling factors (SSF) is the output of the 
algorithm [8]. SSFs obtained by neural network algorithm are multiplied with the global 
stiffness matrix of the system and updated modal parameters are compared with the modal 
parameters obtained from ARM and ERA. 

2.3 Modal Analysis in ANSYS 

In order to conduct simulations for modal analysis, specific computational tools are 
required. In this study, the commercial software ANSYS Parametric Design Language 
(APDL) is used in combination with Matlab. Modal analysis is run to investigate mode shape 
of structure. APDL contains a feature to calculate the mode shape of a structure. The user 
defines the maximum number of modes to extract or the range of natural frequencies to be 
considered in the analysis.  The simulation used model updating is a procedure used to 
minimize the difference between numerical and experimental results. However, this process 
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does not only require satisfactory correlations between variable parameter but also the need 
to maintain physical significance of the updated parameters. Updated parameters are the 
modified parameters selected in the finite element model with the aim of correcting modeling 
errors. The updating processes in matlab are to generate random variable automatically. The 
principle of both parts is the same; changing the numerical model with the objective of 
finding a numerical modal model closer to the experimental model. Calibration of finite 
element model to fit mode shape is also evaluated by system identification of the recorded 
data. 

3  EXPERIMENTS 

The two experiments were conducted in the simply supported short span reinforced 
concrete bridge as shown in figure 1. Several sensors were deployed to get time series 
acceleration data of the bridge. Time series data from different sensor is synchronized 
together and AR models are built for each sensor data. Burg’s algorithm gives ARCs of each 
AR models and ERA of the system state matrix gives modal parameters like natural 
frequencies, mode shapes, and damping ratios. 

3.1 Remote sensing vibrometer 

The first experiment was conducted on the reinforced concrete bridge in UNIST campus 
with the remote sensing vibrometer (RSV). The span length of the bridge is around 60 m. The 
input excitation is ignored in this experiment and the output acceleration signal is the only 
response. The purpose of the experiment was to obtain velocity response of the structure for 
applying the burg’s algorithm built and computing ARCs. The RSV laser pointed to the 
structure with 480 Hz of sampling frequency in 165 m distance away from the target bridge. 
The output data is the velocity response of the spot on the bridge according time. 

 
Figure 1: Short reinforced concrete bridge 

 
The burg’s algorithm built in MATLAB computes ARCs and ARCs make the system state 

matrix. The eigen-system realization algorithm of the matrix computes modal parameters. 
The figure 2 shows natural frequencies of the bridge of model order from 40 to 80. The 
bridge has 7.39Hz of frequency result according to ARM and ERA analysis as shown in 
figure 2. 
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Figure 2. Natural frequency of the bridge from RSV 

 

3.2 Small scale wireless sensing system 

The second experiment was conducted with 4 accelerometers on the bridge. The goal of 
the experiment was to check the vector autoregressive model, which includes more than one 
AR model. The four accelerometers are deployed on the edge of the bridge to obtain time 
series acceleration data.  

The figure 3 is the natural frequency result of model order from 53 to 80. If we compare 
with the result of FDD, the result of ARM and ERA is considered to be reliable.  

 
Figure 3. Natural frequency result from 4 accelerometers 
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Figure 4 Natural frequency result from frequency domain decomposition 

 

4  CONCLUSIONS 

In this study, the eigen-system realization algorithm of the system matrix of ARCs 
computes precise modal parameters. Neural network algorithm is updating the structural 
model and damage information is identifies with SSFs. After building AR model of output 
response, writing efficient and optimal algorithm is the most important part of the study. This 
study includes communication between Ansys finite element model and neural network 
algorithm for damage detection. Great advanced computer performance make fast operation 
and this study, which proceed with a number of parameters like the ARCs and neural network 
algorithm, utilize the parallel programming of CUDA on GPGPU. 

REFERENCES 

[1] P. Omenzetter, J. M. W. Brownjohn, and P. Moyo, Application of time series analysis 
for bridge health monitoring. Structural Health Monitoring and Intelligent Infrastructure, 
1, 1073-1080, 2003. 

[2] G. Hearn, and R. B. Testa, Modal-Analysis for Damage Detection in Structures. J Struct 
Eng-Asce, 117(10), 3042-3063, 1991. 

[3] P. Mohanty, and D. J. Rixen, A modified Ibrahim time domain algorithm for operational 
modal analysis including harmonic excitation. J Sound Vib 275(1-2), 375-390, 2004. 

[4] A. Neumaier, and T. Schneider, Estimation of parameters and eigenmodes of 
multivariate autoregressive models. Acm T Math Software, 27(1), 27-57, 2001. 

[5] J. N. Juang, and R. S. Pappa, An Eigensystem Realization-Algorithm for Modal 
Parameter-Identification and Model-Reduction. J Guid Control Dynam, 8(5), 620-627, 
1985. 

[6] W. R. Bell, An Introduction to Forecasting with Time-Series Models, Insur Math Econ, 
3(4), 241-255, 1984. 

[7] V. H. Vu et al., Operational modal analysis by updating autoregressive model, Mech Syst 
Signal Pr, 25(3), 1028-1044, 2011. 

[8] C. B. Yun, and E. Y. Bahng, Substructural identification using neural networks, Comput 
Struct, 77(1), 41-52, 2000. 


