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Integration of sensing, system identification and health monitoring
technologies for damage prognosis of bridges (1)
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Abstract
Part 1: This paper deals with the problem of a bridge structure identification using
output-only vibration measurements under changing environmental conditions. Two key
issues of a real-life monitoring system are addressed through analysis. The first issue is
the identification of structural dynamic characteristics directly from measurements under
operating conditions. The covariance- driven recursive stochastic subspace identification
(RSSI-COV) algorithm is applied to extract the system dynamic characteristics. The
second issue is to distinguish the system dynamic features caused by abnormality from
those caused by environmental and operational variations, such as temperature, and
traffic loading. In this study a solution is proposed to model and remove the uncertainty
due to environmental effects from the identified system dynamic characteristics from
on-going measurements. Nonlinear principal component analysis incorporated with
AANN is employed to distinguish the dynamic feature changes caused by abnormality
from those caused by environmental and operational variation (i.e. ambient temperature
and traffic loadings). Finally, field experiment of a bridge is conducted. The variation of
the identified system natural frequencies was discussed by using the proposed method.
Part 2: The objective of this paper is to discuss two different approaches on structural
damage detection: one is the vibration-based damage detection and the other is the
model-based damage detection. The vibration-based damage detection method is based on
the extracted sub-space or null-space from the singular value decomposition (SVD) of
analytic matrix formed from data Hankel matrix. Damage detection algorithm is then
developed by considering the orthonormality between the subspace and null-space. To
form the analytic matrix three different algorithms can be used: from the trajectory matrix
in Singular Spectrum Analysis (SSA), from Toeplitz matrix in SSI-COV, or from QR
decomposition of data Hankel matrix in SSI-DATA. The model-based damage detection
is using the AR-ARX model to identify the model coefficients from which the damage
sensitivity factor can be generated. Discussion among these damage detection methods
was made through the response data collected from the shaking table test of a 6-stry steel
frame with different damage scenarios and the scouring test of bridge model in hydraulic
lab during scouring process.

Keyword: Stochastic subspace identification, damage detection, structural health
monitoring
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Hankel data matrix:

¥,

The first step is to gather the measurement vectorsin a

Form the block Toeplitz matrix from the Hankel data

matrix:
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Eigen decomposition of A:
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Obtain the system matrices (A ,C):
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Factorization of the block Toeplitz matrix using stochastic properties of the model:

C

e

T, AG G]=or, R, =CA"'G

CA™!

Above factorization performed by using SVD to the block Toeplitz matrix:
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Original Signal (200Hz)

= | Low-pass filter and Down-sampling (50Hz)

Butterworth lIR(Infinite Impulse Response) filter of order 10

Singular Spectrum Analysis (SSA)

300 block rows and 2701 columns, SV:65%

Recursive Stochastic Subspace Identification (RSSI)

Block rows i =150, Csvd=0.99
Window length:45 sec
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» Location: Taipei, Taiwan.

> It is a steel arch bridge with five spans. The center span length is 165 meter and the
other span is with length of 143 meter and two 44 meter side spans.

» 10 uni-axial accelerometers (Tokyo Sokushin AS-2000) were employed for vibration
measurements.

» Sampling rate: 200Hz, Data length: 60sec (12000 points).
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Mode 1 2 3 4 5 6 7 8 9 10 11

Freq. (Hz) 1.39 1.56 1.65 1.78 1:92 2.23 2.47 2:52 257 2.77 2.89
Damping 13 13 b X 1.0 0.8 1.0 0.1 0.7 5.6 0.6
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Scouring depth varying with time (2011-03-29)
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| Vibration-Based Damage Detection (VBDD) ‘

i 1
Step 1: Identify Model Change L Step 2: Damage Identification
(Stochastic Subspace Identification) (Null-space & Subspace Identification)
[ |
!

Step 3: Damage Location Identification
(Assurance Criteria of Hilbert Marginal Spectrum
& Principal Component Analysis)

l

Step 4: Damage Quantification
(Estimate Stiffness Reduction Factor)

Bl BT RA e (s B G k2 G RR)
4%

1. Loh, C.H. and Liu, Y.C., “Application of recursive SSA as data pre-processing filter for
stochastic subspace identification,” Accept for publication in Smart Structures and Systems,
Vol.11, No.1 (2013)

2. Chao, S. H. and Loh, C. H., “Application of Singular Spectrum Analysis to Structural
Monitoring and Damage Diagnosis of Bridges,” Accept for publication J. of Structures and
Infrastructural Systems (2012)

3. Liu, Y. C., Loh, C. H. and Ni, Y. Q., “Stochastic Subspace Identification for
Output-only Modal Analysis: Application to Super High-rise Tower under Abnormal
Loading Condition,” Earthquake engineering & Structural dynamics (Accepted, in
printing), 2012.

4. Loh, C. H., Liu, Y. C. and Ni, Y. Q., “SSA-based stochastic subspace identification of
structures from output-only vibration measurements,” Smart Structures and Systems,
\ol.10, No.4-5, 331-351, 2012

5. Loh, C. H.*, J.-H. Weng, Yi-Cheng Liu, Pei-Yang Lin and Shieh-Kung Huang,
“Structural Damage Diagnosis Based on On-line Recursive Stochastic Subspace
Identification,” J. Smart Materials and Structures, Vol. 20, No. 5, May 2011.

6. Weng, J.H. and Loh, C. H., “Recursive Subspace Identification for Online Tracking of
Structural Modal Parameter,” Mechanical Systems and Signal Processing, 25 (2011)
2923-2937.



