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ABSTRACT: The analysis, detection, and classification of damage in complex bolted
structures is an important component of structural health monitoring. In this article, an
advanced signal processing and classification method is introduced based on time-frequency
techniques. The time-varying signals collected from sensors are decomposed into linear
combinations of highly localized Gaussian functions using the matching pursuit decomposi-
tion algorithm. These functions are chosen from a dictionary of time-frequency shifted and
scaled versions of an elementary Gaussian basis function. The dictionary is also modified to
use real measured data as the basis elements in order to obtain a more parsimonious signal
representation. Classification is then achieved by matching the extracted damage features in
the time-frequency plane. To further improve classification performance, the information
collected from multiple sensors is integrated using a Bayesian sensor fusion approach. Results
are presented demonstrating the algorithm performance for classifying signals obtained from
various types of fastener failure damage in an aluminum plate.

Key Words: Structural health monitoring, damage classification, time-frequency analysis,

matching pursuit decomposition, sensor fusion, fastener failure.

INTRODUCTION

STRUCTURAL health monitoring (SHM) (Staszewski
et al., 2004; Farrar and Worden, 2007) is a problem
of interest in many applications, including civil, mechan-
ical, and aerospace engineering. It involves in situ
sensing and analysis of structural characteristics to
detect changes in features that may indicate the presence
of damage or degradation. The presence of damage can
adversely affect the current or future performance of the
system (Farrar and Worden, 2007). The goal of SHM is
to identify, locate, and quantify damage for state-
awareness of key structural components.

A considerable amount of literature, in the fields
of mechanical, material, and structural engineering,
and signal processing and statistical analysis
(Staszewski et al., 2004; Farrar and Lieven, 2007;
Farrar and Worden, 2007), exists on methodologies
for determining the presence, type, location, and
intensity of structural damage. Some examples
include statistical methods (Doebling and Farrar,
1998; Farrar et al., 1999), time-series analysis (Sohn
and Farrar, 2001), statistical pattern recognition
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(Sohn et al., 2001), impedance-based methods (Park
et al., 2003), Fourier component pair analysis (Gelman
et al., 2004), Bayesian methods (Sohn and Law, 2000;
Nguyen et al., 2004), extreme value statistics (Sohn
et al., 2005), and support vector machines (Das et al.,
2007). Mechanical, material, and structural methods
can provide physically based damage models to
describe the propagation of waves through materials.
On the other hand, signal processing and statistical
analysis algorithms can provide effective representa-
tions to extract the information-content of collected
data, leading to efficient and reliable systems for
damage inference.

In this article, a novel damage analysis and classifica-
tion technique is presented, which is based on the use
of time-frequency analysis (Hlawatsch and Boudreaux-
Bartels, 1992; Cohen, 1994; Papandreou-Suppappola,
2002). As the propagation of waves in materials can be
characterized as a dispersive or time-varying phenom-
enon, due to structures behaving as wave-guides, the
measured vibration data has spectral information that
varies with time. This time-varying signal signature
cannot be adequately characterized using standard time-
domain or frequency-domain techniques. The natural
tool to use is a joint time-frequency approach that is
effective in capturing the dynamics of the physical
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process and results in an informative framework
for structural and material damage identification.
Time-frequency techniques are, therefore, utilized to
analyze structural data as indicators of damage.

Various time-frequency methods have been consid-
ered for damage detection and classification, including
the instantaneous frequency (Bernal and Gunes, 2000)
and the spectrogram time-frequency representation
(TFR) (Altes, 1980, Vincent et al., 1994; Karasaridis
et al., 1997). If high resolution is important, the Wigner
distribution (WD) TFR (Hlawatsch and Boudreaux-
Bartels, 1992; Cohen, 1994) is often chosen as
the spectrogram has limited time and frequency
resolution properties. The WD, on the other hand,
exhibits cross-terms when the signals are multi-
component, and the presence of cross-terms could
yield incorrect information if not properly processed.
The wavelet transform (Mallat, 1998) is a time-scale
representation that has been used extensively for
damage detection (Jeong and Jang, 2000; Paget, et al.,
2003; Eren and Devaney, 2004; Sun and Chang, 2004;
Taha et al., 2006; Pakrashia et al., 2007). However,
the wavelet transform can result in low resolution
in time or frequency, depending on the value of
the frequency. Although wavelet packets can be
used to mitigate this issue to a certain extent, the
representation remains non-adaptive to signal changes
(Mallat, 1998).

The matching pursuit decomposition (MPD) method
(Mallat and Zhang, 1993; Mallat, 1998) is chosen in this
paper as it is a time-frequency signal representation
technique that does not have the aforementioned
limitations. The MPD can be used to obtain a new
TFR (MPT-TFR) that can adapt to the signal
structure. This is because the MPD decomposes a
signal into highly-localized Gaussian atoms in the
time-frequency plane. It is thus well-matched to the
signals being analyzed, yielding parsimonious represen-
tations. By appropriately designing the MPD dictionary,
the MPD-TFR can be free of cross-terms and can also
yield high resolution in both time and frequency. Due to
its iterative nature, the algorithm can also be used
to reduce measurement noise, and if a Gaussian
dictionary is used, this can be achieved with only a
modest increase in computational effort (Mallat and
Zhang, 1993).

The MPD algorithm is based on extracting signal
time-frequency features from a dictionary of basis
atoms. In this article, two different types of basis
atoms are considered: time-shifted, frequency-shifted,
and scaled Gaussian signals and time-frequency shifted
real data matched to the analysis data. The Gaussian
dictionary results in a highly localized MPD representa-
tion as the Gaussian signals are the most concentrated
signals in both time and frequency simultaneously
(Mallat and Zhang, 1993). The data-matched dictionary

results in a highly parsimonious representation that can
be more efficiently computed (Papandreou-Suppappola
and Suppappola 2002). The MPD-TFRs are thus useful
in extracting characteristic time-frequency features
from the measured signals, and they have been used
for analysis, detection, and classification (Ebenezer
et al., 2004; Das et al., 2005).

Classification of damage can be performed by
matching the extracted damage features in the time-
frequency plane. Specifically, for the MPD-TFR-based
damage classifier, representative template TFRs
of training data are used to characterize the time-
frequency structure of each damage state yielding
different damage classes. A test data is then classified
based on the strength of the correlation of its MPD-
TFR with the template TFRs in the time-frequency
plane. In order to increase analysis and classification
performance, it is common to collect structural data
from multiple distributed sensors. Here, a Bayesian
sensor decision fusion approach is used to combine the
information gathered by all the sensors. Classification
is first performed independently using data from each
sensor, and local decisions are then optimally combined
in a Bayesian decision fusion center to obtain a global
decision.

The remainder of this paper is organized as follows.
In section ‘Matching Pursuit Decomposition’, the MPD
algorithm is described in detail, and the corresponding
MPD classifier is provided in section ‘MPD Classifier
for Damage Classification’ for different MPD diction-
aries. section ‘Classification of Structural Data’ demon-
strates the classification performance of the proposed
technique by considering fastener failure damage in an
aluminum plate. In section ‘Bayesian Sensor Fusion’, the
Bayesian decision fusion approach is described to order
to integrate the information gathered from multiple
sensors, and results are shown to demonstrate the
increased classification performance. The Appendix
provides the finite element analysis used to optimize the
MPD classifier performance.

MATCHING PURSUIT DECOMPOSITION
MPD Algorithm

The MPD algorithm (Mallat and Zhang, 1993;
Mallat, 1998) is an iterative processing method that
expands a signal into a weighted linear combination of
elementary basis functions or ‘“atoms’ chosen from a
complete dictionary. The resulting expansion of a finite
energy signal x(¢) is given by

x(1) = Zaigi(t),
=0
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