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ABSTRACT: A novel approach based on hidden Markov models (HMMs) is proposed
for damage classification in composite structures. Time-frequency damage features are first
extracted from the measured signals using the matching pursuit decomposition algorithm.
The features are then incorporated as observation sequences to be modeled statistically by the
HMMs. Once built, the HMMs are integrated very efficiently into a Bayesian framework for
the classification of structural damage. Both discrete and continuous observation density
HMMs are considered; continuous HMMs are shown to yield better accuracy, but at the cost
of added computational complexity. A decision fusion procedure is employed to combine the
local classification results at each sensor, significantly enhancing the overall classification
performance. The utility of the proposed technique is demonstrated by its application to the
classification of delamination damage, impact damage, and progressive tensile damage in
laminated composites.
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INTRODUCTION

T
HE development of structural health monitoring
(SHM) and integrated vehicle health management

(IVHM) systems is currently drawing much attention
and research interest in the aerospace industry. The goal
is to provide real-time and life-cycle structural or vehicle
health information for reducing maintenance costs and
increasing in-service capacity. A successful system for
health monitoring necessitates integration of solutions
to multiple tasks from different areas including multi-
scale analysis, sensor placement optimization, damage
detection, and classification (diagnosis), damage prog-
nosis, and structural remaining life prediction
(Staszewski et al., 2003; Farrar and Lieven, 2007;
Farrar and Worden, 2007). Among these tasks, the
development of effective damage detection and classifi-
cation schemes is a major component of the health
management framework.
The process of damage detection and identification in

complex materials and structures strives to provide
effective indicators on the presence, type, location, size
or severity of damage for a structure of interest. In recent
years, a broad range of methodologies have been

developed for the detection, analysis, and classification
of damage in metals and composites (Staszewski et al.,
2003). One example is the Lamb wave method (Lee and
Staszewski, 2003a; Lee and Staszewski, 2003b;
Giurgiutiu, 2005), which utilizes guided Lamb waves
for damage detection. Practical application of the Lamb
wave method is challenging due to its requirement of a
large number of transducers (for large structures),
complex data interpretation, and sensitivity to para-
meters other than structural damage (Aircraft Health
Monitoring, 2006). This detection method performs well,
however, when coupled with appropriate signal proces-
sing techniques (Staszewski et al., 1997; Niethammer
et al., 2001; Paget et al., 2003). The signal processing
techniques effectively extract and interpret maximum
discriminatory information about the damage wave
physics from available data. The general procedure
comprises of data preprocessing, feature extraction and
information condensation, pattern recognition and classi-
fication, data fusion, and decision making (Staszewski,
et al., 2003; Farrar anol Worden, 2007).

The purpose of feature extraction and selection is
to generate a compact representation of the measured
data, which captures the prominently distinguishable
characteristics of data from different damage classes.
The data collected using sensors comprises measurement
of Lamb waves propagating through the structure.
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Recent developments in signal processing techniques
allow for more powerful structural monitoring systems
by providing sophisticated feature extraction methods
and their efficient incorporation into the monitoring
procedure. Popular feature extraction and data analysis
tools include Fourier analysis (Gelman et al., 2004a;
Abdel-Galil et al., 2005; Loewke et al., 2005), autore-
gressive (AR) models (Sohn and Farrar, 2000; Sohn
et al., 2001), and wavelet transforms (Jeong and Jang,
2000; Wang and Gao, 2003; Sun and Chang, 2004).
However, these techniques are not well-matched to
the time-varying spectral nature of structural data
(Victorov, 1967). Material wave-physics can be char-
acterized by dispersive or time-varying phenomena,
with structures often behaving akin to wave-guides.
An appropriate model, therefore, is one which can allow
analysis of signals with spectral content that varies
with time, unlike the Fourier transform and AR models.
The multi-resolution wavelet transform is capable of
revealing temporal and spectral patterns in signals.
However, it has the drawback of low resolution in
high-frequency regions (Papandreou-Suppappola, 2002),
limiting its applicability for detecting small-scale
damage where high-frequency modes are required.
The wavelet packet decomposition used in (Sun and
Chang, 2002; Eren and Devaney, 2004; Sun and Chang,
2004), on the other hand, adopts redundant basis
functions to achieve arbitrary but nonadaptive time-
frequency (TF) resolution.
The natural tool to employ for fully exploiting the

time-varying spectral signal structure is TF
processing (Mallat, 1998; Papandreo-Suppappola, 2002).
Thematching pursuit decomposition (MPD) (Mallat and
Zhang, 1993; Mallat, 1998) is a technique that yields a
compact representation for signals in terms of basis
functions selected adaptively so as to best match signal
components of interest. When the basis set (dictionary)
comprises of TF atoms, the MPD can be used to obtain
adaptive TF representations (TFRs) (Mallat and Zhang,
1993; Papandreou-Suppappola, 2002). The MPD
has been used as a feature extraction tool in acoustic
signal classification (Ebenezer et al., 2004) and target
identification (Bharadwaj et al., 1999; Runkle et al.,
1999b). Recently, the MPD has been employed with
dictionaries composed of either highly localized TF
shifted and scaled Gaussian atoms or TF shifted
real measured data for the classification of damage in
metallic structures (Das et al., 2005; Kovvali et al., 2007;
Zhou et al., 2007a; Zhou et al., 2007b; Chakraborty
et al., 2008; Channels et al., 2008).
In addition to their use for analysis, the extracted TF

features can also be incorporated in pattern recognition
algorithms for damage classification. Although determi-
nistic classification methods have been investigated in the
literature (e.g., Jeong and Jang, 2000; Eren and Devaney,
2004; Loewke et al., 2005), their properties do not allow

exploration of the uncertainty prevalent in the structural
characterization problem. Uncertainty is an important
feature of the damage classification problem in real-
world health management systems due to variability in
structure geometry, material properties, temperature and
other environmental effects, sensor characteristics and
measurement inaccuracy, and insufficient knowledge
about the process of damage nucleation and evolution.
In order to deal with the magnitude and complexity of
such variations, a stochastic classification approach must
be considered which can capture the statistical properties
characterizing the underlying physical process, account-
ing for uncertainties and thereby achieving robustness to
inherent variability. Statistical models also facilitate the
integration of both available and unavailable informa-
tion in a consistent and effective manner.

Some statistical techniques used in the literature
include Bayesian probabilistic inference methods (Beck
et al., 1999; Sohn and Law, 2000), statistical process
control (Sohn and Farrar, 2000; Sohn et al., 2000;
Fugate et al., 2001; Sun and Chang, 2004), outlier
analysis (Sohn et al., 2001; Park et al., 2005; Sohn
et al., 2005; Kim et al., 2006), wavelet packets (Sun and
Chang, 2004), Markov chain Monte Carlo (MCMC)
techniques (Yuen et al., 2004), artificial neural networks
(Lee et al., 2006), and support vector machines (SVMs)
(Das et al., 2007). For example, outlier analysis is used
for novelty detection to provide indicators of the presence
of unseen damage, with the algorithm trained using
undamaged data only. In (Park et al., 2005; Sohn et al.,
2005), extreme value statistics (EVS) were incorporated
in outlier analysis to model the tails or outliers of data
distributions. In Yuen et al. (2004), MCMC techniques
were used to tackle numerical integration for obtaining
Bayesian updates of dynamic models for the estimation
of damage probabilities. In Das et al. (2007), a one-class
SVM technique combined with statistical processing was
adopted to automatically detect and classify four types of
damages. Another prominent stochastic classification
technique is based on hidden Markov models (HMMs)
(Rabiner and Juang, 1986; Rabiner, 1989). The HMM is
a powerful tool that has been successfully applied
in many real-world problems, including speech recogni-
tion (Rabiner, 1989), handwritten word recognition
(Mohamed and Gader, 2000), image classification
(Li et al., 2000), target classification (Bharadwaj et al.,
1999; Runkle et al., 1999a; Runkle et al., 1999b), and
damage prognosis (Rammohan and Taha, 2005).
For example, the HMM was used to model structural
damage prognosis and predict remaining service life
based on simulated data, with the performance shown for
a pre-stressed concrete bridge (Rammohan and Taha,
2005). In Gupta et al. (in press), HMMs were con-
structed on the corresponding symbolic sequences of the
time series data for anomaly detection in mechanical
vibration systems.
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In this article, the use of HMMs for modeling TF
features extracted from composite data using the MPD
is proposed for the classification of structural and
material damage. The data collected using sensors
comprises measurement of Lamb waves propagating
through the composite structures. The HMM defines
underlying nonobservable physical states in the structure
and works by modeling the temporal transitions
between these underlying states with a Markov
random process in conjunction with the observation
statistics. Two types of HMMs are considered: discrete
and continuous. The discrete HMM treats the MPD
features of the damage data as discrete codes, while
continuous HMM models them using a Gaussian
mixture model (GMM). Data from each structural
condition (damage class) is modeled with a separate
HMM. Experimentally collected data is used to con-
struct and verify the HMMs. Once built, the HMMs are
integrated very efficiently into a Bayesian framework for
the classification of structural damage. Often, multiple
sensing devices are deployed (for example, of different
types, or at different physical locations) with the goal
of improving detection performance by providing
additional information. In this article, a sensor fusion
procedure is described that can be employed to
efficiently integrate the information gathered from all
available sensors. The performance of the proposed
classification algorithm is demonstrated for delamina-
tion, impact damage, and progressive tensile damage in
laminated composites.
The remainder of this article is organized as follows.

‘Theoretical Framework’ reviews the algorithms used
by the HMM classifier. The section ‘HMM-Based
Damage Classification Algorithm’ discusses the imple-
mentation to real damage classification environments,
and the section ‘Sensor Fusion’ develops the sensor
fusion procedure for the HMM. ‘Damage Classification
in Composite Structures’ presents the classifier perfor-
mance for three types of damage in laminated
composites.

THEORETICAL FRAMEWORK

In this section, we describe in brief the core theory
behind the proposed classifier. For more details
about these techniques the reader is referred to the
literature (Rabiner and Juang, 1986; Rabiner 1989;
Mallat and Zhang, 1993; Mallat, 1998; Duda et al.,
2001; MacKay, 2003).

Matching Pursuit Decomposition

The MPD (Mallat and Zhang, 1993; Mallat, 1998)
yields a representation of signals in terms of basis
functions chosen from a custom-built dictionary.

The algorithm iteratively decomposes a given signal
sðtÞ 2 L2ðRÞ as

sðtÞ ¼
XL�1
l¼0

�lg�l ðtÞ þ rLðtÞ,

where rLðtÞ denotes the residue after L MPD
iterations (with r0ðtÞ � sðtÞ). The expansion coefficient
�l, given by

�l ¼

Z 1
�1

rlðtÞ g
�
�l
ðtÞ dt, l ¼ 0, . . . ,L� 1, ð2:1Þ

is the inner-product between the residue rlðtÞ and the
dictionary atom g�lðtÞ 2 L2ðRÞ that depends on the para-
meter set �l. This dictionary atom is selected from a
dictionary D ¼ fg�ðtÞg�2� so as to maximize the magni-
tude of the inner-product in (2.1) at the lth iteration:

g�l ðtÞ ¼ argmax
g�2D

Z 1
�1

rlðtÞ g
�
�ðtÞ dt

����
����: ð2:2Þ

When truncated to L terms, the MPD yields a compact
and unique representation

sLðtÞ ¼
XL�1
l¼0

�lg�lðtÞ � sðtÞ

in terms of the selected family of basis functions
(Mallat and Zhang, 1993; Mallat, 1998). The truncation
limit L is usually chosen such that the energy of the
residue after L iterations is smaller than some pre-
defined value. When L is sufficiently large, the MPD
extracts the most important signal components of
interest while effectively filtering out unwanted signal
components such as noise.

The MPD dictionary D does not need to be
orthonormal but is required to be complete (Mallat
and Zhang, 1993; Mallat, 1998). It consists of highly
localized Gaussian atoms, which are TF shifted and
scaled versions of a basic Gaussian atom gðtÞ ¼ Ce�t

2=2.
The dictionary atoms are given by

g�ðtÞ ¼ C� e
��2 ðt��Þ2 cos 2��tð Þ, ð2:3Þ

where � is the time-shift, � is the frequency-shift, � is the
(positive) scaling parameter, and C� is a normalizing
constant for unit energy. Each Gaussian atom g�ðtÞ 2 D
is thus fully characterized by the parameter set
� ¼ �, �, �f g from � 2 � ¼ R

2
� R

þ.
The Gaussian-windowed harmonics used as atoms

have the advantage of good TF localization properties,
resulting in decompositions with good resolution in both
time and frequency. This is because, as can be shown by
the uncertainty principle (Papandreou-Suppappola, 2002),
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they are the functions of choice when the time-bandwidth
product is to be minimized. In addition, these Gaussian
atoms have computational benefits derived from the
availability of closed-form analytical expressions for
some of their transformations such as the Fourier
transform and the Wigner distribution TF representa-
tion (TFR) (Papandreou-Suppappola, 2002). The TF
structure of the dictionary atoms also makes possible the
efficient evaluation of the inner products in (2.2) using
the fast Fourier transform (FFT), greatly reducing the
computational complexity of the algorithm (see Mallat
and Zhang, 1993 for details).
Each dictionary atom is a Gaussian-windowed

harmonic of the form shown in Equation (2.3), and
it is defined uniquely by the combination of time shift
�, frequency shift �, and scaling factor �. The size of
the dictionary is then determined by the range and
increment of the parameters �, �, and �. These
are chosen such that these atoms cover the entire
region of interest in the TF plane, and the computa-
tional effort involved in the MPD remains reasonable
(the larger the dictionary, the better the approximation
but the slower the decomposition). Since the TF
structure of the received signals can be different in
different applications, the dictionary design is in general
different in each case.
Figure 1 shows an example of the MPD of the sum of

three Gaussian signals in the TF plane. Figure 1(a) shows
the original signal in the time-domain, and Figure 1(b)
shows MPD-TFR of the signals that corresponds to
the weighted sum of the Wigner distribution of each
extracted Gaussian atom in the TF plane (Mallat and
Zhang, 1993).
The extracted atom at the lth iteration provides a

vector of four parameters, consisting of a time shift �l,
frequency shift �l, scale �l, and expansion coefficient �l
of the MPD representation. These vectors will be used as
the feature vectors needed by the HMM algorithm
described in the next section.

Hidden Markov Modeling

Hidden Markov modeling (Rabiner and Juang, 1986;
Rabiner, 1989) is a stochastic approach used to model
sequential data as a Markov process (Rabiner, 1989)
with unknown parameters that are determined from
observed data. The estimated model parameters act as
unique identifiers for that model and can be used, for
example, in pattern recognition applications.
The hidden Markov model (HMM) defines a prob-

ability distribution over a sequence Y ¼ fy1, . . . , yNg of
observation vectors1 yn, n ¼ 1, . . . ,N, by defining the

unobserved (hidden) discrete state vector
x ¼ ½x1 x2 . . .xN�

T. Themodel imposesMarkov dynamics
on the hidden states xn, as well as independence of the
observation vector yn from all other variables given xn,
n ¼ 1, . . . ,N. Considering J distinct states, the state
variable xn assumes values from the alphabet f1, . . . , Jg.
The parameters of the model are: (a) the J� 1 initial
state distribution vector p whose jth element �j is the
probability (Pr) that the initial state x1 is equal to j,
i.e., �j ¼ Prðx1 ¼ jÞ; (b) the J� J state-transition matrix
A whose (i, j)th element is aij ¼ Prðxnþ1 ¼ jjxn ¼ iÞ,
i, j ¼ 1, . . . , J; and (c) the state-dependent observation
density function or likelihood B whose jth element is
bjðynÞ ¼ pðynjxn ¼ jÞ, j ¼ 1, . . . , J. Together, we denote
the parameters for the model as � ¼ fp,A,Bg. Since �j
and aij are probabilities, they are positive and lie
within the range ½0, 1�. Moreover, by definition, they
must satisfy the stochastic constraints

PJ
j¼1 �j ¼ 1 andPJ

j¼1 aij ¼ 1, i ¼ 1, . . . , J. An example of a J¼ 3 state
HMM is depicted in Figure 2.

In a discrete HMM, the observation vectors yn,
n ¼ 1, . . . ,N are discrete (denoted using scalar yn) and
can only take one out ofK possible values from a finite set
fq1, . . . , qKg. In this case, the state-dependent observation
density B reduces to a J� K matrix B whose
(j, k)th element is bjk ¼ Prðyn ¼ qkjxn ¼ jÞ, j ¼ 1, . . . , J
and k ¼ 1, . . . ,K, and

PK
k¼1 bjk ¼ 1, j ¼ 1, . . . , J.

In a continuous HMM, the observation vectors yn are
continuous and B is often modeled using a GMM:

bjðynÞ ¼ pðynjxn ¼ jÞ ¼
XM
m¼1

cjmN

ðyn; ljm,RjmÞ, j ¼ 1, . . . , J,

ð2:4Þ

where M is the number of mixture components, cjm is
the weighting coefficient, and N represents a Gaussian
distribution with mean vector ljm and covariance
matrix Djm of the mth mixture component in state j.
The stochastic constraints impose cjm 2 ½0, 1� andPM

m¼1 cjm ¼ 1, j ¼ 1, . . . , J.
With the model parameters defined, the HMM

algorithm consists of two major steps. The first is model
fitting, which is used to learn model parameters given
some training data. The second is model comparison,
which is used to determine which model is more plausible
given some test data. For the model fitting level of
inference, given a training observation sequence2 Y, a
maximum-likelihood (ML) estimate of the parameters

�ML ¼ argmax�flog pðYj�Þg ð2:5Þ

1For notational consistency throughout the article, a sequence Y = {. . .} is denoted by a capital letter and its elements (scalar or vector) are within curly brackets; a
(column) vector y = [. . .]T (where T denotes vector transpose) is denoted by a lower case bolded letter and its elements (scalars) are within square brackets; a matrix A is
denoted by a capital bolded letter; and a probability density function B is denoted by a capital calligraphic letter.
2For simplicity, we only consider a single observation sequence; the treatment is easily extended to a data set comprising of multiple independent and identically
distributed observation sequences.
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is computed using the Baum-Welch algorithm
(Rabiner and Juang, 1986; Rabiner, 1989). Here pðYj�Þ
is the likelihood of the observation sequence Y given the
HMM with the parameter set �. This is a special case of
the expectation-maximization (EM) algorithm
(Dempster et al., 1977) which iteratively maximizes
the likelihood of the training data. At the lth iteration,
the E-step of the re-estimation procedure infers the
posterior distribution over the hidden states given a
current parameter setting �l, and the M-step computes a
new estimate �ðlþ1Þ by maximizing the log-likelihood
with respect to � using the statistics learned in the E-step.
The combined EM step can be written as

�ðlþ1Þ ¼ argmax
�

X
x

pðxjY,�ðl ÞÞ log pðx,Yj�Þ

( )
, ð2:6Þ

where the sum is over all possible state vectors x.
The process is repeated in an iterative fashion, and the

algorithm is guaranteed to converge to a local maximum
of the log-likelihood function (Dempster et al., 1977;
Duda et al., 2001; MacKay, 2003). In practice, the
iterations are terminated after the relative change in log-
likelihood drops below a certain threshold.

In the model comparison, the predictive likelihood of
a test observation sequence Ytest is computed as

pðYtestj�MLÞ ¼
X
x

pðYtest, xjMLÞ

¼
X
x

�x1
YN�1
n¼1

axnxnþ1

 ! YN
n¼1

bxnðy
test
n Þ

 !" #
,

ð2:7Þ

where the summations are over all possible state vectors x.
Note that a direct evaluation of the summations

in (2.6) and (2.7) is very intensive. For example, the
calculation of the predictive likelihood directly from (2.7)
requires 2N� JN operations. Note, however, that the
computations can be carried out in a very efficient
manner using the forward-backward procedure
(Rabiner, 1989), reducing the complexity to J2N. In
order to use this procedure, the forward variable is defined
as �nðjÞ ¼ pðy1, y2, . . . , yn, xn ¼ jj�Þ, which corresponds
to the probability of the (forward) partial observation
sequence fy1, . . . , yng (until time n) and state xn¼ j, given
the model �. The backward variable defined as 	nðjÞ ¼
pðynþ1, ynþ2, . . . , yNjxn ¼ j,�Þ is the probability of the
(backward) partial observation sequence fynþ1, . . . , yNg
(from time nþ 1 to N), given state xn¼ j and model �.
The Markov assumption on the state dynamics and the
independence of the observations allows these variables
to be iteratively and efficiently computed as:

�1ðjÞ ¼�jbjðy1Þ, �nþ1ðjÞ ¼
XJ
i¼1

�nðiÞaji

" #
bjðynþ1Þ,

	NðjÞ ¼ 1, 	nðjÞ¼
XJ
i¼1

ajibiðynþ1Þ	nþ1ðiÞ:
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Figure 1. Sum of three Gaussian functions: (a) time-domain representation, and (b) TF domain MPD-TFR.

Figure 2. Depiction of a 3-state HMM.
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The re-estimation formulas in the lth iteration for the
HMM parameters are (Rabiner, 1989):

�ðlþ1Þj ¼
�ðl Þ1 ðjÞ	

ðl Þ
1 ðjÞPJ

i¼1 �
ðl Þ
1 ðiÞ	

ðl Þ
1 ðiÞ

, ð2:8Þ

a
ðlþ1Þ
ij ¼

PN�1
n¼1 �

ðl Þ
n ðiÞa

ðl Þ
ij b
ðl Þ
j ðynþ1Þ	

ðl Þ
nþ1ðjÞPN�1

n¼1 �
ðl Þ
n ðiÞ	

ðl Þ
n ðiÞ

: ð2:9Þ

In the discrete HMM,

b
ðlþ1Þ
jk ¼

XN
n¼1s:t:yn¼qk

�ðl Þn ðjÞ	
ðl Þ
n ðjÞ

XN
n¼1

�ðl Þn ðjÞ	
ðl Þ
n ðjÞ

, ð2:10Þ

where �ðl Þn ðjÞ and 	ðl Þn ðjÞ are calculated given the lth
re-estimated model �(l ). Note that the summation in the
numerator of (2.10) is over those n for which yn ¼ qk.
As the observation density B is modeled using a GMM
as in (2.4) for continuous HMMs, the update equations
for the observation density parameters assume the
form (Rabiner, 1989):

c
ðlþ1Þ
jm ¼

PN
n¼1 


ðlÞ
n ðj,mÞPN

n¼1

PM
m̂¼1 


ðlÞ
n ðj,m̂Þ

, ð2:11aÞ

l
ðlþ1Þ
jm ¼

PN
n¼1 


ðl Þ
n ðj,mÞynPN

n¼1 

ðl Þ
n ðj,mÞ

, ð2:11bÞ

D
ðlþ1Þ
jm ¼

PN
n¼1 


ðl Þ
n ðj,mÞðyn�l

ðl Þ
jmÞðyn�l

ðlÞ
jmÞ

TPN
n¼1


ðl Þ
n ðj,mÞ

, ð2:11cÞ

where 
ðl Þn ðj,mÞ is defined as the probability that state
xn¼ j and that the mth Gaussian mixture accounts for
the observation yn given the lth re-estimated model �ðl Þ.
It is given by


ðl Þn ðj,mÞ ¼
�ðl Þn ðjÞ	

ðl Þ
n ðjÞPJ

ĵ¼1
�ðl Þn ðĵÞ	

ðl Þ
n ðĵÞ

c
ðl Þ
jm Nðyn; l

ðl Þ
jm ,R

ðl Þ
jmÞPM

m̂¼1 c
ðl Þ
jm̂ Nðyn; l

ðl Þ
jm̂ ,R

ðl Þ
jm̂Þ
:

ð2:12Þ

The predictive likelihood pðYtestj�MLÞ in (2.7) is
computed efficiently by noting that

pðYtestj�MLÞ ¼
XJ
j¼1

�Nð j Þ: ð2:13Þ

In practice, a scaling procedure (Rabiner, 1989) is applied
to the algorithm to ensure that the implementation is
numerically stable in finite-precision arithmetic. This issue
arises because of the manipulation of a large number of
products involving extremely small probabilities, which
can exceed the dynamic range of a computer’s precision.

HMM-BASED DAMAGE CLASSIFICATION

ALGORITHM

The HMM based structural damage classification
algorithm is discussed next. It involves three major
steps: (i) extracting TF features from the measured data
using the MPD; (ii) discretizing the features (for the
discrete HMM case); and (iii) using the features from �
damage classes as observations in the HMMalgorithm to
estimate the respective model parameters of the �
HMMs. Once the model parameters are obtained, they
are used in a classification scheme to decide which of the
� classes a test signal belongs to.

MPD Time-frequency Feature Extraction

The effective extraction of discriminatory features
from observed data is the critical first step of a successful
classification system. The MPD is thus utilized as the
feature extraction method as it can provide unique
decompositions of the measured signals. Every decom-
position has L extracted atoms, each of which has an
associated parameter vector that includes the amplitude,
time-shift, frequency-shift, and scale change features
of the atom. The features provide the TF information
that represents the wave physics necessary for distin-
guishing signals from different structural damage
classes. As an example, Figure 3 shows the time-
domain plots and MPD-TFR TF plots of signals
obtained from healthy and progressive tensile damaged
structures. Although the time-domain plots look
similar, the MPD-TFRs show more differences because
of the discriminatory features extracted by the MPD.
Note that the truncation limit L can be determined
according to the fraction of signal energy that is
sufficient to provide distinguishing information.
The amount of signal energy extracted increases with
L as the energy of the residue decreases. An example
of the residual signal energy diminishing with
increasing MPD iterations is shown in Figure 4.
In this work, L is chosen such that the energy of the
residue is within 10–20%.

In order to use them as observation sequences for
HMM classification, the MPD features are sorted in
increasing order of time shift �l value and cast into a
sequence of four-dimensional vectors yl ¼ ½�l �l �l �l�

T,
l ¼ 0, . . . ,L� 1. The resulting observation sequence Y
is obtained as Y ¼ fy0, . . . , yL�1g. This observation
sequence will be modeled statistically using HMMs for
classification where N¼L in section ‘Hidden Markov
Modeling’.

Vector Quantization

The MPD feature observation sequence extracted
from the damage waveforms can be directly used
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by continuous HMMs for modeling, but if discrete
HMMs are to be used, an additional discretization
step is mandatory. This is performed using vector
quantization (VQ) (MacKay, 2003), a nearest-neighbor

classification process that maps each feature vector
yl onto one of a finite set of codebook symbols
(codes) fq1, q2, . . . , qKg. The codebook is determined
using the k-means algorithm (MacKay, 2003)
which models the features with a K-component GMM.
The parameters of the GMM are estimated using an
EM algorithm, and the codes are taken as the
estimated means of the Gaussians, with the code
assignment performed in a ML fashion. The EM
algorithm is initialized with a codebook obtained using
the Linde-Buzo-Gray method (Linde et al., 1980).
The distortion or quantization error is computed by
utilizing the shift and scale invariant Mahalanobis
squared distance:

d2ðyi, yjÞ ¼ ðyi � yjÞ
T��1ðyi � yjÞ,

where � ¼ E ðyi � E½yi�Þðyj � E½yj�Þ
T

� �
and E½��

denotes statistical expectation. In general, the quantiza-
tion error decreases as the number of codes K is
increased.
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Figure 3. Example time-plots and MPD-TFRs of signals from healthy and progressive tensile damaged structures: (a) Signal from healthy
structure; (b) Signal from damaged structure; (c) MPD-TFR of Signal from healthy structure; (d) MPD-TFR of signal from damaged structure.
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Figure 4. Residual signal energy for increasing number of MPD
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HMM Unobservable States

As discussed in section ‘MPD Time-Frequancey
Feature Extraction’, the HMM observations Y are not
the actual measured data but the TF features (discretized
in the discrete HMM case) extracted from the measured
data using the MPD, i.e., Y ¼ fy0, . . . , yL�1g with N¼L.
Given the MPD features of the time-varying received
signals, the HMMdefines the nonobservable states as the
regions of stationarity corresponding to the underlying
physical states induced in the structure in response to the
transmitted excitation signal. By time-varying signals, we
mean signals whose frequency content changes with time.
Thus, by regions of stationarity, we mean regions in time
where the frequency content remains close to constant.
The HMM works by modeling the temporal transitions
between the underlying states with a Markov random
process in conjunction with the observation statistics.
The features from each structural condition or damage
class are modeled with a separate HMMas the associated
wave physics is different in each case. The training
data available from each damage class is used to learn the
parameters of the corresponding HMM. As a result,
the number of states J to use in the HMMs can
be estimated empirically by examination of the TF
characteristics of the features obtained from the training
data. For this, we make use of the MPD-TFR, which can
be computed efficiently from the signal MPD (refer to the
section ‘Matching Pursuit Decomposition’). States are
defined as regions in the TF plane where the signal’s TF
characteristics are relatively unchanging. This is illu-
strated in Figure 5 with the MPD-TFR of a signal with
three transition states.

Initial Model Parameters

The initial guess for the lth model parameters
�l ¼ fpl,Al,Blg required in the EM algorithm used to

train the HMMs is determined from the state estimates
in the section ‘HMM Unobservable States’. Specifically,
the initial guess for the state transition matrix A is a
J� J matrix whose elements are constrained to be

aij ¼

0, j5 i or j 4 i +2

1, i =j =J ,

0 	 aij 	 1, otherwise

8><
>:

where i, j ¼ 1, . . . , J. This definition allows only left-to-
right transitions between adjacent states. The free entries
of A are then initialized based on the frequencies of the
state transitions. The initial guess for the state-depen-
dent observation density matrix B for discrete HMMs is
determined by counting the number of times a discrete
code is observed in each state. Specifically, the element
bjk, j ¼ 1, . . . , J, k ¼ 1, . . . ,K, of B is set equal to the
fraction of times qk occurs in state j. The first element of
the initial state probability vector p is chosen to be 1; the
remaining elements are set to zero. The resulting
HMM is a special left-right HMM (Rabiner, 1989) in
which the state indices can only increase or stay the
same as time progresses, and only transitions between
adjacent states are allowed. Note that the parameters
initially set to zero will remain zero during the
re-estimation procedure.

For the continuous HMM case, the number of
components M in the GMM must also be selected
and the respective parameters initialized. Specifically,
the value of M is initially estimated by examining
the empirical distributions of the feature vectors and
later adjusted according to the classification perfor-
mance on a validation data set. After M has been
chosen, the initial guess of the parameters of the state-
dependent Gaussian mixtures is obtained using vector
quantization with M codes. The Gaussian mixture
coefficients, means and covariances are selected accord-
ing to the proportions, means, and covariances of the
data associated with the codes. Experience shows
that this approach yields a good initial guess, one
that works much better than a random starting point.
Note that, in this work, the GMMs use uncorrelated
Gaussian distributions so that the covariance matrices
are restricted to be diagonal.

HMM Classifier

For the purpose of classification, the second level
of inference, model comparison, is considered. The task is
to determine which model is most plausible given
some test data. In the present framework, once the
model parameters have been estimated, classification
of the test data can be performed based on its predictive
likelihood as computed by the HMM associated
with each damage class. Specifically, a given test

Time (sec)

F
re

qu
en

cy
 (

kH
z)

0 2 4 6

6

8

10

Figure 5. MPD-TFR of a training signal from a damage class. The
dotted vertical lines correspond to TF separators, resulting in J¼ 3
HMM states.
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observation sequence Ytest is assigned to damage class
Cl̂ where

l̂ ¼ argmax
l

log pðYtestj�l
MLÞ

� �
, ð3:1Þ

and �l
ML denotes the parameters of the lth HMM

(that has been trained on data from damage class Cl).
The computation of log pðYtestj�l

MLÞ is carried out
efficiently using the forward–backward algorithm
discussed in ‘Hidden Markov Modeling’. In this
manner, the HMMs are integrated very efficiently into
the Bayesian framework for the task of damage
classification.

An Illustrative Example

As an illustration of the proposed classifier, a damage
detection problem is considered where the goal is to
determine whether a structure is healthy or damaged.
With data provided from both structural conditions
(classes), this can be viewed as a simple two-class
damage classification problem. Specifically, based on
the available training data, a new test signal needs to be
classified to one of the two classes as healthy or
damaged.
The algorithm models the data from each of the two

classes with an HMM. Specifically, if there are 100
independent and identically distributed experimentally
collected signals from each class, healthy and damaged,
then these signals constitute the training data used to
learn the parameters of �¼ 2 HMMs. The training
procedure is summarized in the following steps:

1. TF feature extraction is performed on the training
signals as discussed in section ‘MPD Time-frequency
Feature Extraction’ to obtain the observation
sequences fYl

1, . . . ,Yl
100g, l ¼ 1, 2.

2. If discrete HMMs are used, then each of the conti-
nuous feature vector yn in Y is quantized to a
corresponding discrete code from the codebook
fq1, q2, . . . , qKg.

3. For each class, the MPD-TFRs of the training data
are examined in order to choose the number of states J
as discussed in the section ‘HMM Unobservable
States’. They are also used to obtain the initial guess
for the model parameters according to the strategy
discussed in ‘Initial Model Parameters’.

4. The two classes correspond to twoHMMmodels, l¼ 1
(healthy) and l¼ 2 (damaged). For each class, the
parameters of the associated HMM are learned
using the re-estimation Equations (2.9)–(2.12) and
the training data from that class. The learnt param-
eters �1

ML and �2
ML achieve the local maxima of

log pðY1
1, . . . ,Y1

100j �Þ and log pðY2
1, . . . ,Y2

100j�Þ, res-
pectively (Equation (2.5)).

Once the training is completed, an HMM with
parameters �1

ML for the healthy class and an HMM
with parameters �2

ML for the damaged class are
available. A test observation sequence Ytest is then
classified to a Class C1 (corresponding to the healthy
structure) if its predictive likelihood satisfies

log pðYtestj�1
MLÞ4 log pðYtestj�2

MLÞ,

where the likelihoods are computed as described in the
section Hidden Markov Modeling (Equations (2.7)
and (2.13)).

SENSOR FUSION

In the structural damage detection and classification
problem, data is usually collected by many distributed
sensing devices with the goal of exploiting the added
information from multiple sensors to produce more
accurate and robust (e.g., to sensor malfunction or
debonding) classification performance. Optimal
Bayesian sensor fusion can however be difficult to
realize because it requires modeling of the full joint
density of the combined data (Gelman et al., 2004b).
As an alternative, the Bayesian decision fusion proce-
dure is employed in which (local) classification is first
performed independently using the data collected at
each sensor, and the resulting decisions are then
integrated at a fusion center to arrive at a global
decision. This approach of fusion, while sub-optimal, is
simpler to implement and still leads to significant
improvements in the performance of the classifier.

The sensor fusion algorithm is formulated by con-
sidering R distributed sensors, � damage classes Cl,
l ¼ 1, . . . ,�, and measured signal sr(t) from the rth
sensor, r ¼ 1, . . . ,R. The sensor fusion works by first
making a class assignment decision ur for each signal
sr(t) based on the HMM algorithm discussed in the
sections ‘Hidden Markov Modeling’ and ‘MPD Time-
frequancy Feature Extraction’, ‘Vector Quantization’,
‘HMMUnobservable States’, ‘Initial Model Parameters’
and ‘HMM Classifier’. In particular, ur ¼ l, if srðtÞ is
assigned to damage class Cl. This yields a class
assignment vector u ¼ ½u1 . . . uR�T from which the
fusion center declares damage class Cl̂ if

l̂ ¼ argmax
l¼1,...,�

fPrðujClÞg, ð4:1Þ

where PrðujClÞ is the probability distribution of the class
assignment vector u conditioned on the data actually
belonging to damage class Cl. Note that the PrðujClÞ has
to be estimated from available training or validation
data. The validation data is a set of known signals, which
is not used to train the HMMs but to verify the
performance of the trained classifier. Assuming statistical
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independence of the distributed sensors, the probability
distribution PrðujClÞ can be written as PrðujClÞ ¼QR

r¼1 Prðu
rjClÞ. Using this in (4.1), the sensor fusion

classification result then becomes

l̂ ¼ argmax
l¼1,...,�

YR
r¼1

PrðurjClÞ

( )
: ð4:2Þ

Note that the quantity PrðurjClÞ in (4.2) can be obtained
directly during the implementation of the local classifiers.
Details of this are given in the section ‘Delamination
Damage Classification Results’. The block diagram of
the sensor fusion algorithm is shown in Figure 6.

DAMAGE CLASSIFICATION IN COMPOSITE

STRUCTURES

An application of the proposed algorithm to the
classification of damage in composite structures is
presented next. Both discrete and continuous HMMs
are utilized. The classifier is first tested using data from
only one sensor. This is then followed by the integration
of local decisions applying the sensor fusion procedure.

Experimental Setup and Data Collection

The composite structures considered in this article are
carbon-fiber symmetric cross-ply laminates, each con-
sisting of 16 plies (Figure 7). Three sets of experiments
were performed, introducing three common types of
damage in laminates.

DELAMINATION IN LAMINATED COMPOSITES
Seeded delaminations at different locations are con-

sidered in the laminates. The damage class definition is
summarized in Table 1. These delaminations are located
at the 4th interface on the edge and corner of the sample.
Data was collected using piezoelectric transducers (PZT)
mounted on the structure as shown in Figure 8. A burst
signal (with 8 kHz center frequency) was used as the

excitation from the sensor in the center, and the responses
were measured at the four PZTs located at the corners.
Data was sampled at 500 kHz. Each PZT provides
360 signals from each class to be used for classification.

IMPACT TESTING ON LAMINATED
COMPOSITES

Figure 9(a) shows the experimental setup of the impact
testing performed on a laminated composite by an impact
machine. Impact velocities of 2.53, 2.11, and 1.71m/s
were used to damage samples with a 35 lb impacting
head. The four damage classes are defined as in Table 2.
A 5-cycle burst of 50 kHz center frequency was used as
the excitation signal from a PZT as shown in Figure 9.
Data was collected from the PZTs placed on the two sides
of the impact zone and sampled at 2 MHz. From each
class, and from each PZT, there are 150 signals available
for classification, a total of 1200 signals.

PROGRESSIVE TENSILE DAMAGE
ON A LAMINATED COMPOSITE

A laminate with a pre-cut notch on the edge was
placed under a tensile testing machine to produce
progressive tensile damage as shown in Figure 10(a).
The 10 damage classes corresponding to 10 damage
stages are defined in Table 3. The load was incremented

Table 1. Class definitions for seeded delamination.

Class 1 Healthy state
Class 2 5% delamination at the 1st interface of the laminate
Class 3 5% delamination at the 2nd interface of the laminate
Class 4 5% delamination at the 3rd interface of the laminate
Class 5 5% delamination at the 4th interface of the laminate
Class 6 5% delamination at the 5th interface of the laminate
Class 7 5% delamination at the 6th interface of the laminate
Class 8 Corner delamination at the 4th interface
Class 9 Edge delamination at the 4th interface

1st interface
2nd interface

3rd interface

6th interface

5th interface

4th interface

Center ply

Teflon seeded
delamination at

3rd interface

Figure 7. Schematic showing the composite laminate structure.

Figure 6. Block diagram of the sensor fusion algorithm.
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until ultimate failure at 477MPa. A 5-cycle burst at a
25 kHz frequency was used as the excitation to the
laminate from the actuator as shown in Figure 10.
Responses were recorded from another PZT at each
stage of the incremental loading. From each damage
class, 150 signals are available for classification.

Classification Results

As a preprocessing step, the measured signals are first
filtered and downsampled (if needed), mean-centered,
normalized, and time-aligned (aligned to begin at the
same time point). The data is divided into three sets: one
set is used for training the HMMs (training set); one
set is used to verify the choice of model parameters

(such as the number of GMM components M in the
continuous HMM) and to obtain the discrete distribu-
tions PrðurjClÞ for implementation of the sensor fusion
(see section ‘Sensor Fusion’) (validation set); and the last
set is used to test the individual and global classifier
performance (testing set). The purpose of the validation
step is to verify the choice of model complexity
(the number of states, J, and the number of Gaussian
components, M) and parameter initialization. This is
achieved by examining the classification performance
of the trained HMMs on the validation set, based on
which the parameter choice is adjusted. The resulting
HMMs are then used to classify the testing data. Results
are presented demonstrating damage classification in the
composite examples described above using both discrete
and continuous HMMs.

The number of HMMstates, J, was estimated using the
approach described in the section ‘HMM Unobservable
States’. In all the results reported, J was usually chosen
to be 2 or 3, depending on the damage class in question.
The simulations indicated that the performance of
the classifier was not very sensitive to this choice.

Table 2. Class definitions for impact damage.

Class 1 Healthy state (before impact testing)
Class 2 Impact damage with velocity 2.53 m/s
Class 3 Impact damage with velocity 2.11 m/s
Class 4 Impact damage with velocity 1.71 m/s

(a)
(b)

Impact zone 

63.6mm

76.2mm

127.2mm
Sensor 2

Actuator

Sensor 1

Figure 9. (a) Experimental setup for impact testing in a laminated composite, and (b) schematic showing the impact zone and sensor layout.

(a)

Actuator

Sensor1 Sensor2

Sensor3 Sensor4

Delamination

(b)

Figure 8. (a) Experimental setup for delamination damage in a 292.1 mm�292.1 mm laminated composite with 5% delamination, and (b)
schematic showing the delamination and sensor layout.
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The number of iterations of the EM algorithm used for
training the HMMs was determined based on the
convergence of the log-likelihood. Figure 11 shows
example plots of the training data log-likelihood versus
training iteration number using the discrete and
continuous HMM, respectively, for delamination
damage data. The log-likelihood increases monotonically
with the training iterations. In the simulations, 25
iterations were usually sufficient for the likelihood to
converge.
The classification performance is quantified using

��� confusion matrices, where � is the number of
classes defined. The (i, j)th entry of the confusion matrix
indicates the probability that a signal actually from class
Ci is classified to class Cj. In the ideal case of perfect
classification, the confusion matrix is an identity matrix.

DELAMINATION DAMAGE CLASSIFICATION
RESULTS

TF damage features were extracted from each signal
using L¼ 10 MPD iterations with a dictionary com-
posed of about 2 million normalized TF Gaussian
atoms. This choice of truncation limit corresponded to a
residual signal energy of about 20%. Of the 360 signals
available for each damage class, 150 signals were used
for training, 105 were used for validation set, and the
remaining 105 were used for testing.

Tables 4 and 5 give the confusion matrices for the
delamination damage classification using discrete and
continuous HMMs, respectively, when only the data
from PZT 3 was utilized. The corresponding classifier
parameters are: L¼ 10 MPD iterations, K¼ 64 codes
(for the discrete HMM), and M¼ 9 Gaussian mixture
components (for the continuous HMM). An average
correct classification rate � ¼ 80:3% was obtained from
the discrete HMM and � ¼ 95:8% from the continuous
HMM. Note that � is a percentage indicator for
classification performance that is defined as the mean
of the diagonal values of the confusion matrix. The
continuous HMM was seen to perform significantly
better than the discrete HMM; it provided a 16%
increase in the correct classification �.

Tables 6 and 7 show the confusion matrices of the
delamination damage classification when sensor fusion
was incorporated using the same codes and Gaussian
mixtures. Compared with the results of Tables 4 and 5,

Table 3. Class definitions for progressive
tensile damage.

Class 1 Healthy state
Class 2 Damage under 5350 lb tensile loading
Class 3 Damage under 5700 lb tensile loading
Class 4 Damage under 6500 lb tensile loading
Class 5 Damage under 6900 lb tensile loading
Class 6 Damage under 7300 lb tensile loading
Class 7 Damage under 7700 lb tensile loading
Class 8 Damage under 8200 lb tensile loading
Class 9 Damage under 8800 lb tensile loading
Class 10 Damage under 9000 lb tensile loading

(a)

63.6mm

19.05mm

38.1mm

9.53mm

Actuator

Sensor

(b)

Figure 10. (a) Experimental setup for progressive tensile damage in a laminated composite, and (b) schematic showing the notch and
sensor layout.
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Table 4. Confusion matrix for delamination damage classification using discrete HMMs and data from PZT 3.

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9

Class 1 0.8476 0.0095 0 0 0.0095 0.0572 0.0571 0.0191 0
Class 2 0 0.7810 0.0571 0.0381 0.0762 0.0095 0.0286 0 0.0095
Class 3 0 0.0762 0.8762 0.0095 0 0 0 0 0.0381
Class 4 0 0.0095 0.0381 0.7905 0.0095 0.0095 0.0857 0.0191 0.0381
Class 5 0.0476 0.0762 0 0 0.6381 0.0667 0.1143 0.0476 0.0095
Class 6 0.0571 0.0857 0.0095 0.0476 0.0191 0.7524 0.0191 0.0095 0
Class 7 0 0.0667 0 0.0286 0.1523 0.0286 0.7143 0 0.0095
Class 8 0 0.0191 0 0 0.0667 0.0095 0.0190 0.8762 0.0095
Class 9 0 0.0667 0.0476 0 0.0095 0 0.0095 0.0191 0.8476

Table 5. Confusion matrix for delamination damage classification using continuous HMMs and data
from PZT 3.

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9

Class 1 0.9810 0 0 0 0.0095 0 0.0095 0 0
Class 2 0 0.9143 0.0667 0 0.0095 0 0 0 0.0095
Class 3 0 0.0381 0.9524 0 0.0095 0 0 0 0
Class 4 0 0 0 1.0000 0 0 0 0 0
Class 5 0 0 0 0 0.9524 0.0190 0.0286 0 0
Class 6 0 0.0381 0 0 0.0286 0.9333 0 0 0
Class 7 0 0.0095 0 0 0.0572 0 0.9333 0 0
Class 8 0 0 0 0 0.0095 0 0 0.9905 0
Class 9 0 0.0381 0 0 0 0 0 0 0.9619

Table 6. Confusion matrix for delamination damage classification using discrete HMMs combined with
sensor fusion.

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9

Class 1 0.9810 0 0 0 0 0.0095 0.0095 0 0
Class 2 0.0095 0.8571 0.0476 0 0.0286 0.0286 0 0 0.0286
Class 3 0 0 0.9714 0 0 0.0095 0 0 0.0191
Class 4 0 0 0 0.9238 0.0191 0.0095 0 0.0095 0.0381
Class 5 0.0191 0.0095 0 0.0476 0.7714 0.0095 0.1143 0.0286 0
Class 6 0.0095 0.0191 0 0.0095 0.0191 0.9333 0 0.0095 0
Class 7 0 0.0191 0 0 0.1333 0.0095 0.8286 0 0.0095
Class 8 0 0.0095 0 0 0.0095 0 0 0.9524 0.0286
Class 9 0.0095 0.0095 0.0191 0 0 0 0.0095 0.0191 0.9333
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Figure 11. Log-likelihood vs (a) discrete and (b) continuous HMM training iteration number for the delamination damage example.
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it is found that the sensor fusion procedure dramatically
increases the performance of the classifier (the average
correct classification rate � is 14% higher than that when
only the data from PZT 3 and discrete HMM is used).
Note that PrðurjClÞ in Equation (4.2), that gives the
probability of assigning a signal from Class Cl to Class
ur at Sensor r, is actually the ðl, urÞth element of the
confusion matrix �r

�. These probabilities are learned
using the validation data set.
To show the effect of different choices of model

parameters on the efficiency of the proposed classifier
for the delamination classification, Table 8 summarizes
the values � from the discrete HMM with different
number of codes, K, the continuous HMM, and the
sensor fusion procedure. The achieved correct classifica-
tion rates � are tabulated for the discrete HMM and
continuous HMMs, both with and without sensor
fusion. As K increases, the performance of the discrete
HMM classifier improves and approaches that of the
continuous HMM classifier. This is expected, because
the quantization error decreases with increasing K.
Meanwhile, the fusion procedure lead to a significant
improvement in overall classification performance. Even
when the results from the individual sensors were poor,
the improvement using fusion was remarkable.
The most accurate classification (� ¼ 96%) is observed

when the continuous HMM and sensor fusion are
both utilized. The improvements shown, however,
are afforded at an added computational cost because
the more complex models have more parameters to
be estimated and the fusion step requires additional
effort as the algorithm needs to be performed at
each sensor.

IMPACT DAMAGE CLASSIFICATION RESULTS
It could be seen that during impact testing when the

impact velocity was 1.71m/s, the sample did not have
any visible damage. With a velocity of 2.11m/s, little
visible damage was observed, such as breakage of the
first ply fiber and delamination at the 7th interface. As
the velocity increased to 2.53m/s, visible damage
occurred in the form of fiber breakage at several plies
and multiple delaminations in the laminate. For the

impact damage classification, 70 signals from each class
were used for training, 40 were used for validation and
40 were used for testing. Feature extraction was
performed using L¼ 20 MPD iterations with a dic-
tionary composed of about 7 million normalized TF
Gaussian atoms. This choice of truncation limit
corresponded to a residual signal energy of about 15%.

Table 9 provides the confusion matrices for impact
damage classification in the laminated composite using
discrete HMMs, when only the data from PZT 1 was
utilized. For modeling with the discrete HMM, the
features were quantized using K¼ 128 codes. In the
continuous HMMs, M¼ 6 components were used with
the GMM. It can be seen that Class 3 and Class 4 are
not separated clearly from Class 1. This is in accordance
with the measurements because physically the damages
of these two classes (especially Class 4) are quite mild so
that they appear similar to the healthy case. However,
this confusion in the classification was cleared up

Table 7. Confusion matrix for delamination damage classification using continuous HMMs with sensor fusion.

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9

Class 1 1.0000 0 0 0 0 0 0 0 0
Class 2 0.0095 0.9714 0 0.0191 0 0 0 0 0
Class 3 0.0286 0 0.9714 0 0 0 0 0 0
Class 4 0.0286 0.0190 0 0.9524 0 0 0 0 0
Class 5 0.0381 0.0286 0 0.0476 0.8667 0 0.0190 0 0
Class 6 0.0286 0 0 0 0 0.9714 0 0 0
Class 7 0.0286 0 0 0 0 0 0.9714 0 0
Class 8 0.0190 0 0 0 0 0 0 0.9810 0
Class 9 0.0381 0 0 0 0 0 0 0 0.9619

Table 8. Average correct classification rates n for
delamination damage classification using discrete and
continuous HMMs, with and without sensor fusion.

PZT
1(%)

PZT
2(%)

PZT
3(%)

PZT
4(%) Fusion

Discrete HMM,
K¼32 codes

61.3 50.3 70.9 57.8 85.40

Discrete HMM,
K¼64 codes

66 58.4 79.2 70.4 90.6

Discrete HMM,
K¼128 codes

71.9 70.2 80.3 72.9 91.2

Continuous HMM 91.5 91.5 95.8 92.6 96.1

Table 9. Confusion matrix for impact damage classifica-
tion using discrete HMMs and data from PZT 1.

Class1 Class 2 Class 3 Class 4

Class 1 0.8000 0 0.1000 0.1000
Class 2 0.0250 0.9000 0 0.0750
Class 3 0.1250 0 0.8750 0
Class 4 0.1000 0.0500 0 0.8500
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with the application of continuous HMMs. Table 10
shows the confusion matrix for the continuous
HMM case, and the improvement in the classification
is clear. The average correct classification rate was
� ¼ 85:2% for discrete HMMs and � ¼ 96:3% for
continuous HMMs.

The confusion matrices with sensor fusion are
presented in Tables 11 and 12, and the summary of
� values can be found in Table 13. As before, it
can be seen that � increased with increasing K for the
discrete HMMs, or by transitioning from discrete
HMMs to continuous HMMs, or by the use of sensor
fusion. From the results of Table 13, very accurate
classification was obtained (� ¼ 97:5%) when the fusion
process integrated local continuous HMM classification
results.

PROGRESSIVE TENSILE DAMAGE
CLASSIFICATION RESULTS

For progressive tensile damage, the crack level is hard
to classify when increasing the load does not lead to
significant changes in damage level. Here, 70 signals
were used for training, 40 signals for validation, and 40
for testing. The number of MPD iterations was L¼ 20
(corresponding to a residual signal energy of about
10%) with the dictionary composed of about 7 million
Gaussian atoms. K¼ 512 codes were used for the
discrete HMM.

Tables 14 and 15 show the confusion matrices for
the progressive tensile damage classification using
discrete and continuous HMMs, respectively (the corre-
sponding average correct classification rates are shown
in Table 16). Even with K¼ 512, the discrete HMMs
confused the damage levels between 5700 lb and 7700 lb
(Class 3 to Class 7) to some extent. However, classifica-
tion performance increased when continuous HMMs
were employed. In view of the complexity of the data, the
number of Gaussian mixture model components M was
taken considerably larger:M¼ 20 for the five HMMs for
Class 3–Class 7, and M¼ 6 for the other HMMs.
Significant improvement was observed from the discrete
to the continuous HMM case.

Table 10. Confusion matrix for impact damage classifi-
cation using continuous HMMs and data from PZT 1.

Class1 Class 2 Class 3 Class 4

Class 1 0.9750 0.0250 0 0
Class 2 0 1 0 0
Class 3 0 0.0750 0.9250 0
Class 4 0 0.0500 0 0.9500

Table 11. Confusion matrix for impact damage classifi-
cation using discrete HMMs with sensor fusion.

Class1 Class 2 Class 3 Class 4

Class 1 0.9500 0.0250 0 0.0250
Class 2 0 0.9750 0.025 0
Class 3 0.0500 0 0.9500 0
Class 4 0.0250 0 0 0.9750

Table 12. Confusion matrix for impact damage classifi-
cation using continuous HMMs with sensor fusion.

Class1 Class 2 Class 3 Class 4

Class 1 0.9750 0 0 0.0250
Class 2 0 1 0 0
Class 3 0.0250 0 0.9750 0
Class 4 0 0.0500 0 0.9500

Table 13. Average correct classification rates n for
impact damage classification using discrete and con-
tinuous HMMs, with and without sensor fusion.

PZT
1(%)

PZT
2(%)

Fusion
(%)

Discrete HMM, K¼32 codes 75.6 76.9 85
Discrete HMM, K¼64 codes 78.1 85 85.6
Discrete HMM, K¼128 codes 85.6 95.6 96.3
Continuous HMM 96.25 96.3 97.5

Table 14. Confusion matrix for progressive tensile damage classification using discrete HMMs.

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9 Class 10

Class 1 0.9250 0.0250 0.0250 0.0250 0 0 0 0 0 0
Class 2 0 0.9000 0.0500 0 0.0250 0.0250 0 0 0 0
Class 3 0 0.0250 0.6000 0.2750 0.0750 0 0.0250 0 0 0
Class 4 0 0 0.1750 0.6000 0.2000 0.0250 0 0 0 0
Class 5 0 0 0.1250 0.2250 0.6500 0 0 0 0 0
Class 6 0.0250 0.0250 0.0250 0 0 0.6750 0.2500 0 0 0
Class 7 0 0 0 0 0 0.3750 0.6250 0 0 0
Class 8 0 0 0 0 0 0 0.0250 0.9750 0 0
Class 9 0 0 0 0 0 0 0.0250 0 0.9000 0.0750
Class 10 0 0 0 0 0 0 0 0 0 1
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CONCLUSIONS

A novel HMM-based algorithm has been presented
for the classification of damage in composite structures.
Feature extraction is performed using the MPD with
highly localized TF Gaussian atoms, and the extracted
4D feature vectors are statistically modeled with
HMMs. Two types of HMMs, discrete and continuous,
are employed. The discrete HMM requires the observed
data to be quantized, while the continuous HMM
models the state-dependent observation densities using
GMMs. Experimentally collected data is used to train
the models (learn model parameters), and damage
classification is efficiently performed in a Bayesian
framework. A decision fusion procedure is implemented
that integrates the local classification results from
individual sensors.
The application of the proposed algorithm to the

classification of delamination damage, impact damage,
and progressive tensile damage in laminated composites
yields very good results, with percentage correct
classification rates near 90%. The performance of the
discrete HMM classifier is a function of the number of
codes used, and results are seen to improve as the
number of codes is increased. The accuracy of the
continuous HMM classifier is found to be superior to
that of the discrete HMM classifier. When available
data from different damage classes have similar features,
then more complex models are needed, such as those
obtained by increasing K for discrete HMMs or
increasing M for continuous HMMs.
The algorithm’s efficiency in terms of computational

effort involved is governed in part by the amount of data

required for training the model, which in turn is dictated
by the complexity of the model. In the discrete HMM,
the complexity increases with the number of codes used,
while for the continuous HMM, the number of
parameters is related to the number of mixture
components in the GMM. In both cases, the number
of parameters to be estimated increases with the number
of states. In the continuous HMM, the number of
GMM components is an additional parameter that has
to be estimated at extra cost using techniques such as
cross-validation. Also, learning and inference in the
continuous HMM is generally more computationally
intensive than that for the discrete HMM. Note that the
training data need not be experimentally collected; it can
be physically modeled and numerically simulated.

The sensor fusion process makes use of the informa-
tion available from all distributed sensors and leads to
large improvements in classification performance. Even
when the results from the individual classifiers at each
sensor are poor (only 50–70% correct classification),
those from the overall decision fusion scheme remain
accurate (correct classification rates are near 85%).
The fusion procedure is expected to increase the
robustness of the classification algorithm to the problem
of sensor malfunction. As a drawback, additional data
and computational effort is required in order to learn
the statistics of the individual classifiers. Also note that
the fusion technique used is a Bayesian decision fusion
scheme, which is sub-optimal but computationally less
expensive than an optimal sensor fusion procedure
where the data from all available sensors is modeled
jointly. The best classification performance is observed
when using the continuous HMM classifier together
with sensor fusion. In real applications, the desired
accuracy of the results and the time and computational
resources available ultimately dictate the choice of
features, feature extraction method, model type and
complexity, and sensor fusion procedure.

It should be noted that while the application examples
provided are for the discrimination of different levels and
locations of damage, the proposed damage classifier is
based on a general framework and can also be used to

Table 15. Confusion matrix for progressive tensile damage classification using continuous HMMs.

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class 9 Class 10

Class 1 0.9500 0 0 0.0250 0 0 0 0 0.0250 0
Class 2 0 0.9750 0.0250 0 0 0 0 0 0 0
Class 3 0 0.0250 0.9500 0.0250 0 0 0 0 0 0
Class 4 0 0 0 0.9750 0.0250 0 0 0 0 0
Class 5 0 0 0 0.0250 0.9750 0 0 0 0 0
Class 6 0 0 0 0 0 0.8750 0.1250 0 0 0
Class 7 0 0 0 0 0 0.1500 0.8250 0.0250 0 0
Class 8 0 0 0 0 0 0 0 0.9750 0.0250 0
Class 9 0 0 0 0 0 0 0 0 1 0
Class 10 0 0 0 0 0 0 0 0 0 1

Table 16. Average correct classification rates n for
progressive tensile damage classification using discrete
and continuous HMMs.

Discrete
HMM
K¼128 codes

Discrete
HMM

K¼256 codes

Discrete
HMM

K¼512 codes
Continuous

HMM

66.8% 73.5% 78.5% 95%
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differentiate between different types of damage. Impor-
tantly, the classification method is based on the Bayesian
framework, which requires knowledge of the distribution
of the data conditioned on each class of interest. When
these distributions are available (e.g., modeled using
HMMs), this approach is known to be optimal. Training
data is assumed to be available from each class and
is used to estimate the parameters of the HMM used to
model that class. The variational Bayesian learning
method (Beal, 2003; MacKay, 2003) is currently under
investigation for automatically estimating the model
complexity from the given data. The number of HMM
states can then be determined automatically, thus
avoiding the need for cumbersome and expensive
empirical examination of the data. This approach
also yields approximations to the full posterior
distribution over the model parameters, which is a more
powerful and robust tool for inference tasks than the
present ML point estimates.
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