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Abstract
Impact damage has been identified as a critical form of defect that constantly threatens the reliability of composite struc-
tures, such as those used in aircrafts and naval vessels. Low-energy impacts can introduce barely visible damage and
cause structural degradation. Therefore, efficient structural health monitoring methods, which can accurately detect,
quantify, and localize impact damage in complex composite structures, are required. In this article, a novel damage detec-
tion methodology is demonstrated for monitoring and quantifying the impact damage propagation. Statistical feature
matrices, composed of features extracted from the time and frequency domains, are developed. Kernel principal compo-
nent analysis is used to compress and classify the statistical feature matrices. Compared with traditional principal compo-
nent analysis algorithm, kernel principal component analysis method shows better feature clustering and damage
quantification capabilities. A new damage index, formulated using the Mahalanobis distance, is defined to quantify impact
damage. The developed methodology has been validated using low-velocity impact experiments with a sandwich compo-
site wing.
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Introduction

Over the past decade, carbon fiber-reinforced plastic
(CFRP) materials have been widely used in aerospace,
naval, mechanical, and infrastructure applications.
For example, CFRP has been used in both secondary
and primary structures of numerous commercial and
military airplanes. However, one of the limiting fac-
tors to the use of laminated composites is their inter-
nal damage state. Although design criteria for such
applications include damage tolerance requirements
that specify the ability of a structure to operate safely
with initial defects, in-service damage resistance and
repair remain a major issue. Low-velocity impacts
can cause serious damage to CFRP composites even
when the damage is not readily visible. Therefore,
efficient structural health monitoring (SHM) tech-
niques are required for detection and monitoring of
such damage in order to accurately predict structural
integrity and residual useful life, which in turn will
improve safety, extend life, reduce maintenance, and
minimize downtime of complex composite systems.
Although in the past few years there has been an
increased interest in the development of robust SHM

systems, the implementation of such a system requires
a multidisciplinary research effort in a number of
areas. This includes novel sensors and sensing meth-
odologies, improved interrogation techniques that
better diagnose current state and conditions, robust
approaches to characterize material behavior and pre-
dict future failures, and life assessment techniques
integrated with high-fidelity modeling (Farrar and
Lieven, 2007; Giurgiutiu, 2008; Liu et al., 2010, 2011;
Lynch, 2007; Raghavan and Cesnik, 2007; Yekani
Fard et al., 2011a, 2011b, 2012).

Impact has been the subject of many experimental
and analytical investigations. Sources of low-velocity
impacts include tool drop, runway debris, collision with
vehicles, and so on. The internal damage state after a
low-velocity impact in CFRP composites can be
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complex and multimodal, including matrix cracking,
delaminations, and fiber breakage. The impact damage
can propagate under service loading leading to cata-
strophic structural failure. Therefore, it is critical to
develop accurate and robust SHM methodologies to
detect and monitor the damage initiation due to low-
velocity impacts.

Advanced sensing and associated signal analysis/
interpretation approaches have been well developed to
monitor impacts on composite structures with simple
geometries. Meo and Zumpano (2005) developed an in
situ damage detection and identification methodology
using piezoelectric sensors and guided wave propaga-
tion approaches. Moll et al. (2010) reported a multisite
damage localization approach applicable to anisotropic
wave propagation that did not assume any simplifica-
tions regarding to anisotropic wave propagation. Hiche
et al. (2011) developed a strain amplitude–based algo-
rithm for impact localization on composite laminates
using fiber Bragg grating (FBG) sensors. Liu et al.
(2012) presented a time–frequency-based damage detec-
tion and quantification method using matching pursuit
decomposition algorithm. However, due to the com-
plex damage mechanisms, most of the published data-
driven approaches only validated the methodologies on
plate-like or sandwich composite structures. Due to the
associated challenges, very limited work has been
reported on application to complex geometries and real
applications.

Obtaining a proper feature representation of the
damage state from the sensing data is a fundamental
problem in SHM. Generally, not all the original fea-
tures are beneficial for damage detection and classifica-
tion. Some of the features include a significant amount
of noise and will negatively influence the performance
of SHM system. Therefore, it is essential to remove the
noisy features or derive some new features from origi-
nal data space, so that only the necessary information
is retained for damage classification, quantification,
and prognosis. Traditionally, linear feature extraction
and selection are conducted in the original input space.
Nonlinear relationships cannot be extracted from the
original dataset. For example, only features from time
domain or frequency domain are considered in some of
the lead zirconate titanate (PZT)–based active sensing
approaches (Sohn et al., 2001; Su et al., 2006; Tang et
al., 2011). However, the nonlinear structural degrada-
tion process may not be fully represented by time or
frequency domain features. It is necessary to develop
robust feature extraction/selection methodologies to
represent the multiscale structural damage in heteroge-
neous material systems.

This article extends the damage quantification work
on composite wing sections using FBG sensors initiated
by Seaver et al. (2010). A new feature selection

methodology for impact damage detection and quanti-
fication using kernel method and a guided wave–based
active sensing approach is developed. The effects of sta-
tistical feature selection using kernel principal compo-
nent analysis (KPCA) from the time and frequency
domains are studied. A robust SHM feature is
extracted using KPCA to represent the low-velocity
impact damage on a composite sandwich wing struc-
ture. A damage index based on the Mahalanobis dis-
tance is used to quantify the damage. The methodology
is applied to a composite wing of an unmanned aerial
vehicle (UAV).

The remainder of the article is organized as follows.
Section ‘‘Statistical feature extraction’’ introduces the
mathematical formulation of feature extraction and
damage quantification. This is followed by experimen-
tal procedure in section ‘‘Experiments,’’ which presents
details of the low-velocity impact tests and nondestruc-
tive tests using flash thermography. The results from
impact detection and quantification are presented in
section ‘‘Results and discussion.’’

Statistical feature extraction

Selection of appropriate features, which are sensitive
to damage but robust to noise, is a key issue in SHM.
Statistical features have been demonstrated to be use-
ful to represent damage in complex engineering struc-
tures (Sohn et al., 2001). One of the most popular
statistical methods is principal component analysis
(PCA). A PCA-based multivariate statistical tech-
nique integrated with Q and T2 measures was able to
distinguish cracks in a steel plate and identify an
added mass on an aircraft turbine blade (Mujica et
al., 2011). The method has been proven to be useful in
both the low-frequency range using vibration-based
approaches and high-frequency range using guided
wave–based active sensing approaches. However,
PCA can only extract linear features. Because most
complex engineering systems are associated with non-
linearity, nonlinear features can be more useful for
damage detection and quantification. A nonlinear sta-
tistical feature extraction method is used in this study
to identify and quantify low-velocity impact damage
in a composite wing.

Statistical analysis using KPCA

KPCA is a nonlinear extension of PCA and can be
used to extract the nonlinear relation among variables
(Cao et al., 2007; Scholkopf et al., 1999). In KPCA, a
nonlinear kernel function is used instead of a linear
function; the PCA can now be performed in a high-
dimensional space that is nonlinearly related to the
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input space. Assuming the input data is mapped into
the centered feature space F, we have

XN

j= 1

F xj

� �
= 0 ð1Þ

The covariance matrix is defined as
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The eigenvalues l and eigenvectors V satisfy
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It must be noted that the solutions for V that satisfy
equation (3) lie in F(xj) (j = 1, ., N). Therefore, we
can write
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where }j (j = 1, ., N) are the coefficients. The kernel
matrix K can be defined as

kij =F xið ÞT F xj

� �
=F xið Þ �F xj
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Based on the application, different kernel functions,
such as sigmoid kernels and polynomial kernels, can be
selected to get the best performance. In this article, a
Gaussian kernel function is used to nonlinearly map
the input data to the high-dimensional space. The
N-dimensional Gaussian kernel is defined as
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where s determines the width of the Gaussian kernel.
The new eigenvalues obtained from the KPCA analysis
are used as the new feature vectors for the impact dam-
age quantification.

Mahalanobis distance–based damage index

The low-velocity impacts are quantified using a
Mahalanobis distance–based damage index. The use of
the Mahalanobis distance has been demonstrated as a
useful parameter for feature classification and quantifi-
cation (Sohn, 2007). Two feature vectors x

*
and y

*
are

assumed to have x
*

y
*
the same distribution with the cov-

ariance matrix S. The Mahalanobis distance DM is
expressed as
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D
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where S�1 represents the inverse of the covariance
matrix S. The Mahalanobis distance is used to define a
new damage index for impact damage quantification in
this article. Denoting the KPCA feature vector at the
ith damage state F

*

i and the KPCA feature vector at the
healthy state F

*

h, the damage index DIi corresponding
to the ith damage state can be defined as

DIi =
DM F
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Experiments

A sandwich composite UAV wing was used as the test
article to assess the damage propagation due to multiple
impacts. The wing is composed of four layers of carbon
fiber fabrics; two layers were made from woven fiber fab-
rics (C282 carbon fabrics) and two layers were made
from unidirectional fiber fabrics (3K T300 5$ uni tape).
The layup of the composite skin is 645� woven/0� uni/0�
uni/645� woven. The epoxy resin used is MGS L285
(HEXION Inc.) with MGS H287S (HEXION Inc.) hard-
ener. There is an aluminum core at the center, which can
be used to connect the wing to the UAV fuselage. The
rest of the wing has a foam core made from Last-A-
Foam (General Plastics Inc.). The cross section of the
wing has an airfoil shape. The geometry and cross section
of the wing is shown in Figure 1.

A series of impact tests were conducted to investigate
the effects of low-velocity impacts on the composite
wing. A pair of customized wing fixtures was fabricated
to clamp the wing. The experimental setup is shown in
Figure 2(a). A swing arm impact system is used in the
experiment. The diameter of the impactor head is
approximately 32 mm. Both the impact force and velo-
city were recorded to estimate the impact energy depos-
ited in the test article. The impact force was measured
using a dynamic load cell (Model: 1061V4, Dytran
Inc.), and the velocity and position of the swing arm
were measured using a rotary encoder. By running

Figure 1. Geometry and cross section of composite wing.

2076 Journal of Intelligent Material Systems and Structures 24(17)



several trial tests, an appropriate initial height of the
impact head was determined to ensure damage of the
foam core but not the composite skin. The impact
energy is about 11 J for each impact test.

The impact area was divided into eight sections. A
total of 10 impact tests were conducted. The exact
impact locations are shown in Figure 3. No visible
damage was observed on the composite skin during the
first eight impacts. However, the 9th and 10th impacts
introduced several visible dents on the composite skin,
as shown in Figure 4.

Nondestructive tests using the flash thermography
(Model: EchoTherm; Thermal Wave Imaging Inc.)
were conducted to visualize the extent of damage. Flash
thermography utilizes high-density flash heat generated
by infrared heat lamps to excite the specimen with ther-
mal radiation. Two infrared cameras record the thermal
images with respect to time to evaluate the change in
temperature field over time. Structural damage and
imperfections can be differentiated from undamaged
material due to their difference in local thermal diffu-
sivity. Flash thermography images were taken before
and after each impact, as shown in Figure 5. Prior to
impact testing, no structural defect was detected
because the temperature in the test field decays at a
constant rate. However, after each impact, the red spots
in the flash thermography images demonstrate the
varying thermal diffusivity at the impact area. This
indicates damage propagation and structural degrada-
tion caused by the series of low-velocity impacts. After

Figure 2. (a) Experimental setup: composite wing in the fixture and (b) low-velocity impact system.

Figure 3. Impact sequence during experiment.
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Figure 4. Visible damages in composite skin after impacts 9 and 10: (a) damage after impact 9 and (b) damage after impact 10.

Figure 5. Flash thermography images of the damage area before and after impact tests 1–8 and 10.
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impacts 1–8, the flash thermography images represent
the estimated damage sizes introduced during experi-
ments. After impacts 9 and 10, although structural
damages have been visible, the flash thermography
images can still be used to measure the damage sizes.
The sizes have been used to represent the severity of
impact damages. More details are discussed in section
‘‘Results and discussion.’’

A wing autopsy test was conducted after the 10th
impact to diagnose the exact nature of the damage in
the composite wing. Multiple types of damage includ-
ing foam cracking, debonding between foam core and
composite skin, and fiber breakage and delaminations
in the composite skin were detected, as shown in
Figure 6.

To detect and quantify the impact damage, a guided
wave–based active sensing approach using macro fiber
composite (MFC) transducers is used in this article.
Two MFC transducers were surface instrumented on
the composite wing. The positions of MFCs are shown
in Figure 7. A 4.5-cycle cosine-windowed tone burst
wave was used as the excitation signal. The excitation
waveform was generated using the Ni 5412 (National
Instruments) waveform generator, and the Lamb wave
signals were captured using the NI 5105 (National
Instruments) digitizer at the sampling frequency of 20
MHz. In order to optimize the central frequency of the
excitation signal, several signals were generated using
central frequencies varying from 10 to 300 kHz in 10-

kHz increments. Ten observations were recorded at
each frequency, and the sensor signals were averaged
from these observations to reduce the sampling error.
After preliminary tests and signal processing, the opti-
mal frequency selected was 100 kHz. The sensor signals
were collected at the healthy state and following the
5th and 10th impacts, as shown in Figure 8.

Results and discussion

To monitor the condition of the composite sandwich
wing, nine statistical features of the MFC sensor signals
in the time and frequency domains are extracted to rep-
resent the characteristics of damage. At each damage
state, every observation provides one feature vector,
denoted as {F

*

iji= 1, . . . , 9}. Because 100 observations
are recorded at each damage state, 100 statistical fea-
ture vectors can be obtained. First, five statistical fea-
tures are extracted from the time domain of the sensor
signals. These features are root mean square (RMS),
variance, Kurtosis, peak value, and peak-to-peak value.
Using fast Fourier transform (FFT) and Hilbert trans-
form (HT), the MFC sensor signals are transformed to
the frequency domain. The power spectrum energy is
calculated as the sum of the frequency amplitude using
FFT. The Hilbert spectrum is calculated using HT. The
maximum power spectrum density (PSD) and maxi-
mum HT amplitude are also considered as statistical
features. A detailed definition of each statistical feature
is presented in Table 1.

The extracted statistic features are shown in
Figure 9. It is noted that these features can provide
rough trends of structural degradation. However, these
feature trends are not constant, and it is difficult to
estimate which features are more sensitive to impact
damage. In addition, some of these original statistical
features repeatedly demonstrate similar sensing infor-
mation. Briefly stated, advanced techniques are
required to extract more robust features and reduce the
redundant features.

Figure 6. Composite wing autopsy after impact test 10.

Figure 7. Surface instrumented MFC transducers for active
sensing.
MFC: macro fiber composite.

Figure 8. Original sensing signals from healthy state and
impacts 5 and 10.
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For the purpose of comparison, both the KPCA
and PCA techniques are applied to the original statisti-
cal features {F

*

mjm= 1, . . . , 9}. Every 10 feature vectors
are combined to build the feature matrix for the PCA
and KPCA analyses. The feature matrix can be
expressed as Fmnjm= 1, . . . , 9, n= 1, . . . , 10, where m
is the number of feature in each feature vector and n is
the number of observations in each feature matrix.

The key issue in the KPCA algorithm is to trans-
form the input features into a high-dimensional feature
space using nonlinear mapping. In this article, the non-
linear mapping is conducted using the kernel function
as shown in equations (6) and (7). The first three princi-
pal components using KPCA and PCA methods are
extracted at three states: the healthy state, the state fol-
lowing the 5th impact, and the state following the 10th
impact. The cluster analysis results are shown in
Figures 10 and 11. The traditional PCA algorithm can
extract and select features in the original input space,
but cannot handle the nonlinear relationships in
the input features well. This indicates the lack of a
clear separation between damage states using the
PCA method. However, the KPCA representations in
Figure 11 show clear separation among the three states.
This demonstrates that KPCA can extract the higher
order and nonlinear information that is more useful to
demonstrate the effects of low-velocity impact to the
composite wing. Furthermore, more robust damage
quantification results can be obtained when the KPCA
features are used.

The Mahalanobis distance–based damage index
defined in equation (8) is used to quantify the extent of

the low-velocity impact damage. Ten KPCA feature
sets at each damage state are obtained using the devel-
oped algorithm. The average features calculated from
these feature sets are used as the input to quantify the
damage. As shown in Figure 12, the low-velocity dam-
age propagates almost at a constant rate during the first
eight impact events. However, the damage propagation
is much faster during the last two impacts. This can be
explained as follows. During the first eight impacts, the
impact head hits a new section on the wing surface, as
shown in Figure 3, and since each impact introduces
the same amount of energy into the wing, the propaga-
tion rate is consistent. The last two impacts were
between multiple previous impact sections. Although
there was no visible surface damage shown after the
first eight impacts, the wing foam cracked and there
were delaminations between the composite skin and
foam. When these areas were further impacted, the
damage severity increased significantly even though the
impact energy was still the same. The total delamina-
tion sizes after each impact are shown in Figure 12. The
defined damage index has good agreement with the
delamination size. This result proves that the proposed
damage quantification algorithm can be used to repre-
sent the delamination damage in the composite UAV
wing. In addition, it illustrates the critical nature of
repetitive low-velocity impact damage on composite
wing, which may lead to catastrophic failure.

Conclusion

An impact damage monitoring and quantification
methodology using KPCA algorithm is developed in
this article. Statistical features are extracted from the
sensor signals in the time and frequency domains.
Choosing an appropriate kernel function, the statistical
features are mapped to a high-dimensional space for
feature clustering. The kernel eigenvalue obtained from
the original statistical feature datasets represents the
damage propagation caused by impacts, which are con-
sidered as new feature datasets for damage quantifica-
tion. Redundant features are compressed during the
KPCA analysis. A novel Mahalanobis distance–based
damage index is defined to quantify the impact damage.

Low-velocity impact experiments were conducted on
a sandwich composite wing to validate the developed
methodology. MFC-based active sensing was used for
damage detection. After each impact, flash thermogra-
phy images were taken to detect the presence of subsur-
face (invisible) damage. A wing autopsy was conducted
after the last impact to examine the exact nature of the
damage in the composite wing. Multiple types of dam-
age including fiber breakage, foam cracking, delamina-
tions in the composite skin, and delaminations between
composite skin and foam core were detected. By study-
ing the MFC sensor data, the damage quantification

Table 1. Definition of the statistical features in time and
frequency domains.

Name Definition
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RMS: root mean square; PSD: power spectrum density; HT: Hilbert

transform.
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Figure 10. Typical PCA features for healthy state and impacts
5 and 10.
PCA: principal component analysis.

Figure 11. Typical KPCA features for healthy state and impacts
5 and 10.
KPCA: kernel principal component analysis.

Figure 9. Statistical features extracted from the time and frequency domains.
PSD: power spectrum density; FFT: Fourier transform; RMS: root mean square; HT: Hilbert transform.
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results show steady structural degradation after the ini-
tial eight impacts, followed by rapid damage progres-
sion over the last two impacts. There is good agreement
between the estimated damage index and the real dam-
age sizes measured using flash thermography system.
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