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ABSTRACT: Structural health monitoring (SHM) technology for the early detection and mitigation of adverse structural effects, such as
degradation or damage, is useful for enhancing the proactive maintenance of civil infrastructure. SHM techniques are advantageous because they
eliminate the need for both a priori knowledge of the location of damage and access to the damaged portion of the structure. The underlying principle behind SHM involves measuring changes in a system’s vibration response, which ultimately indicate changes in physical properties due to
structural damage. A challenge to the successful application of SHM to civil infrastructure is the selection of suitable vibration response features
that are highly sensitive to the presence and extent of damage while also having low sensitivity to extraneous noise. This study reveals that both
damage and the noise sensitivity of vibration response features vary for different states of structural health; therefore, the selection of optimum
features is dependent on the damage severity, which is of course not known a priori. This study illustrates that assimilating multiple lowdimensional features lessens this dependence and improves the sensitivity of the damage indicators for SHM diagnosis.
KEYWORDS: feature fusion, structural health monitoring, vibration testing, damage detection, system identiﬁcation, feature extraction

Introduction
Structural health monitoring (SHM) based on vibration measurements has emerged as a global monitoring technique that can be
used to diagnose damage in a system prior to the structural condition’s reaching a critical stage. The underlying principle of SHM
is straightforward: the onset of damage in a built system modiﬁes
structural properties such as mass, stiffness, and damping, which
in turn alters the vibration response of the system. Focusing on
this indirect relationship between structural damage and changes
in the measured vibration response, SHM aims to detect the onset
of damage as well as determine damage characteristics [1]. In an
ideal situation, the changes in the measured vibration response are
directly correlated with the desired damage characteristics, such as
the severity, type, and location of damage [2]. However, attempts
to correlate the changes in the measured raw time domain
vibration response with damage characteristics are hindered by
two factors: (i) the difﬁculty of monitoring the trends in the oversized measurement data, and (ii) the high sensitivity of the time
domain measurements to extraneous factors caused by natural variations in the operational and environmental conditions. Thus,
low-dimensional vibration response features are extracted from
the raw time domain measurements through data processing and
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interrogation [3]. The most common vibration response features
include natural frequencies, mode shapes, and basic properties of
the time history response, such as peak acceleration, but many
other forms of vibration response features can be extracted from
the raw time domain vibration measurements. Ideally, the
extracted vibration response features should be sensitive to damage but insensitive to extraneous noise factors [4]. For practical
applications of SHM on civil structures, there has been much
debate over whether vibration response features can satisfy this
criterion, i.e., be sufﬁciently sensitive to damage while remaining
insensitive to noise [5–8]. For instance, whereas some studies
[9–12] found vibration response to be insensitive to damage, in
other studies [13–17] vibration features were observed to be
reliable damage indicators. The objective of this study is to investigate whether the damage sensitivity of SHM diagnostics can be
improved through the assimilation of multiple low dimensional
vibration response features instead of a single feature (note that
assimilating multiple features is also known as feature fusion in
pattern and image recognition ﬁelds).
The manuscript is organized as follows. First, a discussion of
the assimilation process and the damage and noise sensitivity
of the assimilated damage indicator is provided. Next, the details
of the case study structure are provided, followed by details of the
experimental campaign. Following that, discussions on the extraction and damage sensitivity of commonly used vibration response
features are provided. The subsequent section overviews the practical application of the assimilation concept and presents the noise
sensitivity of selected features. Finally, an overview of the main
ﬁndings, discussions of the underlying premises, and suggestions
for future directions are given.
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FIG. 2—Locations in an arch of cracks induced by concentrated load at the
quarter span using the inverted chain analogy. Reprinted from Ref 18.

FIG. 1—Sensitivity of damage indicators to varying levels of damage.

Feature Assimilation to Improve Damage
Sensitivity
Figure 1 schematically illustrates the difference between a damagesensitive and a damage-insensitive vibration response feature. In
Fig. 1, the damage indicator represents the measured change in a
vibration response feature corresponding to the damage index. Note
that both of these metrics are unitless. The damage index quantitatively represents the extent of damage, which ranges from a value
of zero for an undamaged structure to a positive value for the most
severe damage condition of interest. The slope of the plot, denoted
by a, deﬁnes the damage sensitivity of a given feature. A steeper
slope a of the plot means a more sensitive feature. Hypothetically,
in a worst-case scenario, as the damage sensitivity of a feature
approaches zero, the feature has insigniﬁcant sensitivity, and in a
best-case scenario, as the damage sensitivity approaches inﬁnity,
the feature has signiﬁcant sensitivity to damage.
The presence of extraneous noise during vibration testing
decreases the ability of vibration features to indicate changes due to
damage. Therefore, the damage sensitivity must be considered in
light of the noise sensitivity of the feature, which also varies for
varying structural states. Figure 1 shows the noise sensitivity level
gradually increasing with increasing stages of damage. As Fig. 1
illustrates, insensitive damage indicators might remain below their
noise level even for very high damage indices. In contrast, sensitive
indicators are those that yield values signiﬁcantly above noise levels at early stages of damage. The schematic illustration of Fig. 1 is,
of course, an idealized approximation. In practice, both damage and
the noise sensitivity of vibration response features might vary nonlinearly for different states of structural health; therefore, the selection of optimum features might become dependent upon the
damage severity. Moreover, the difﬁculty of selecting optimum features is compounded by the fact that the feature sensitivity might
also change with different damage types. Of course, neither the
damage type nor the severity is known a priori; therefore, it

becomes necessary to assimilate multiple vibration response features to account for the non-uniform relationship of a feature’s sensitivity to varying damage types and severity. Feature assimilation
has been applied in many ﬁelds, such as biometrics [18], audiovisual recognition [19,20], object tracking [21], and other pattern
recognition applications [22,23] with similar purposes.
In SHM, commonly used features, although sensitive to structural damage, show variable dependence on the environmental and
operational conditions and on the nature and characteristics of the
damage. Thus, the assimilation of multiple features increases not
only the sensitivity to damage, but also the robustness of the assimilated feature with regard to noise factors. In this study, the simple
sum rule [24,25] is applied to assimilate the experimentally extracted
features to produce a feature that is more sensitive to damage but
more robust in the face of noise. In order to efﬁciently apply the
simple sum rule, features must be normalized [26]. Normalization
ensures that the features are comparable in terms of their contribution to the assimilated feature. Herein, the percentage changes in the
features act as damage indicators for the feature assimilation.

Case Study Application: Arch Prototype
The present study investigates the vibration response of an idealized arch model and mimics a typical failure mechanism of
masonry arches under concentrated loads. If a masonry arch is
loaded beyond its capacity, cracks incrementally develop within
the arch assembly. A crack propagating through the entire depth
of the arch forms a hinge. According to mechanism analysis, the
development of four hinges is needed to ensure the failure of an
arch with a ﬁxed support [27] (Fig. 2), and the location of these
four hinges depends upon the loading condition. Herein, a numerical model is used to determine the precise locations of the
cracks under a static concentrated load applied at quarter span
(Fig. 3(a)). Four distinct locations with the highest von Mises
stresses are approximated as the locations of the four hinges
(Fig. 3(b)), and these agree well with those obtained through a
nonlinear ﬁnite element analysis by Ramos [28].
For the experimental campaign, a polyvinyl chloride arch with
a 31.8 cm radius, a 6.4 cm depth, and a 2.5 cm thickness is used
(Fig. 4). The arch is damaged to four levels in succession, with a
2 cm deep crack, which is 80% of the arch thickness, at each of
the four hinge locations as shown in Fig. 3(b). The damage state
refers to the introduction of a 2 cm crack at the hinge locations.
Thus, in damage state 0 there are no cracks in the arch; i.e., this is
the undamaged case. Damage state 1 refers to a 2 cm crack at
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FIG. 3—(a) Finite element model of the arch with a static load at quarter span. (b) Arch experiencing maximum damage through artiﬁcial cracks.

hinge location 1, damage state 2 refers to 2 cm cracks at hinge
locations 1 and 2, and so on, until damage state 4, which is the
most damaged case, with 2 cm cracks at all four hinge locations.

Experimental Procedures
The response is measured at 33 equidistant measurement points
with 3 points across the width of the arch and 11 on the perimeter.
Hammer impact tests are performed so as to excite two points
(points 21 and 23) on the arch, allowing the excitation of both
bending and torsional modes (Fig. 4). Point 23, located through
the centerline of the arch, primarily excites the bending modes,
whereas point 21, located at the edge, primarily excites the torsional modes. Integrated electronic piezoelectric]accelerometers
with a sensitivity of 500 mV/g are used to measure the vibrations,
and an impact hammer with a sensitivity of 2.27 mV/N and a maximum force capacity of 2200 N is used to excite the structure. The
impact hammer is used with a nylon tip. Table 1 gives the ﬁrst
four natural frequencies and mode shapes extracted from the
undamaged arch.
Damage is introduced to the arch in a controlled manner by
sawing 2 cm deep cracks, which constitute 80% of the arch thickness. The sawing is performed carefully to ensure that no other
damage to the arch is caused and that the test setup is not
disturbed.
Impact hammer tests are performed with a frequency range of
0 to 1.6 kHz. The frequency resolution is set to 1 Hz, and the time
resolution is set at 244 ls. The acceleration response is measured

for 1 s, within which the response of the arch is naturally attenuated due to the system damping; therefore, no windowing function
is applied. To reduce the degrading effects of noise and to increase
statistical reliability, a total of ﬁve averages are obtained, and
coherence between the measurements is checked to ensure repeatability. Coherence very close to unity was obtained for the almost
the entire frequency range, except at anti-resonances and at low
frequencies of <20 Hz. Anti-aliasing ﬁlters are used to prevent
higher frequencies from contaminating the measurements.
Using the Rational Fraction Polynomial algorithm, frequency
response functions (FRFs) collected for each damage state are analyzed in order to identify the natural frequency and mode shapes
of the arch. The modes are selected using both summation and
multivariate mode indicator functions [29], which make the resonance peaks in the FRFs more evident. The ﬁrst four modes of the
model arch are identiﬁed. Next, the tests are repeated in the presence of artiﬁcial, random noise in order to investigate the effect of
damage levels on the noise sensitivity of FRFs.

Extracting Vibration Response Features
Rarely in the past reported research have multiple vibration
response features been objectively and quantitatively compared in
terms of their ability to indicate damage [6]. In this study, an
extensive list of vibration response features is evaluated, including
but not limited to the frequency response assurance criterion
(FRAC) [30], the root-mean-square (RMS) time domain response
[31], the modal assurance criterion (MAC) [32], and the

FIG. 4—(a) Test structure used for experimental study. (b) Hammer impact locations on the test arch.
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TABLE 1—First four natural frequencies and mode shapes of the
experimental arch.

Mode

Natural Frequency, Hz

1

45.2

2

106.6

Mode Shape

FIG. 5—Percentage change in the ﬁrst four natural frequencies with progressive damage.
3

225.3

4

345.6

coordinate modal assurance criterion (COMAC) [33]. For brevity,
only a select few of the most common of these features are
reported in detail, and a brief summary of the results for the rest is
provided in the discussions. Each of the features reported herein is
normalized as a percentage change from the undamaged state
(damage state 0) for each of the four damage states 1 to 4. This
normalization makes the feature unitless and dimensionless,
which aids the assimilation, as is discussed in the subsequent
section.

Natural Frequency Changes
Natural frequencies (also known as resonant frequencies) supply
convenient, low-dimensional, and physically meaningful vibration
response features [7,34–36]. In earlier SHM-related studies,
higher order natural frequencies were reported to be more sensitive to damage than lower order natural frequencies [37,38]. For
instance, in a recent study, the ﬁrst three natural frequencies were
observed to be identical for the damaged and undamaged masonry
vaults of Beverley Minster, a masonry cathedral located in the
United Kingdom [39]. However, in contrast with this earlier

study, for the arch studied herein, the natural frequencies are noted
to exhibit sensitivity to the propagation of cracks (Fig. 5).
The measured changes in the ﬁrst, third, and fourth natural frequencies reach approximately 18% for the most severe damage
state. The experiments identify the frequency of the second mode
as the least sensitive feature. Compared to other features that are
discussed later in this section, natural frequencies exhibit low sensitivities, an undesirable characteristic for SHM purposes. However, one must bear in mind that natural frequencies also exhibit
low sensitivity to noise factors, a desirable characteristic for SHM
purposes.
The changes in the ﬁrst, third, and fourth natural frequencies
exhibit a monotonic increase with increasing levels of damage,
whereas the second natural frequency exhibits a non-monotonic
response (i.e., false negatives) because the percentage change in
the frequency is reduced from the second damage state to the
third. In such a situation, the monitored structure might appear to
be at the same (or a better) structural health level, whereas in fact
the damage is propagating, i.e., the structure exhibits a false
negative.

Mode Shape Distortions
The onset of damage in a structural system tends to distort the
mode shapes [40]. For SHM purposes, the mode shape distortions
can be exploited in a variety of forms, such as the MAC correlation or percentage change, as reviewed by Ewins and Ho [41]. In
this study, to determine the mode shape distortion, the mode shape
vectors are ﬁrst normalized between 0 and 1, and then the percentage change in the mode shape difference is calculated according
to Eq 1.
N
X
i¼1

jxdi  xui j
X
 100
xui

where:
xdi ¼ modal displacement of damaged structure,
xui ¼ modal displacement of undamaged structure, and
N ¼ number of measurement points.
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FIG. 6—Percentage change in the ﬁrst four mode shape vectors with progressive damage.

This percentage change given by Eq 1 is reported for the 33
measurement points of the experimental arch model in Fig. 6.
Relative to the natural frequencies, the sensitivity of the mode
shape distortion is observed to be signiﬁcantly higher. The second, third, and fourth mode shapes exhibit approximately 65% to
85% distortion in the most severe damage state; this value is only
30% for the ﬁrst mode shape. The experimental ﬁndings presented
in Fig. 6 reveal a nonlinear and non-monotonic relationship
between the mode shape distortions and the extent of damage.
The sensitivity of mode shape distortion as a damage-indicating
feature is observed to decrease at certain damage levels, resulting
in false negatives.

Mode Shape Curvature
Mode shape curvature is a localized vibration feature that is inversely related to the stiffness at the location at which it is calculated
[42]. Because the presence of a crack or separation abruptly
decreases the stiffness in the vicinity of the damage, the mode
shape curvature also abruptly changes near the location of the
damage. The mode shape curvature at node i is calculated according to Eq 2.
MSCi ¼

/iþ1  2/i  /i1
h2

FIG. 7—Percentage change in mode shape curvature with progressive
damage.

Statistical Moments
Statistical moments, such as mean, standard deviation, skewness,
and kurtosis, can be used to effectively compress and characterize
raw vibration response measurements xt [43]. The ﬁrst statistical
moment is the mean of the vibration response measurements given
in Eq 3, which describes the central tendency of the data. The second statistical moment is the standard deviation, which measures
the dispersion of the data from the mean (see Eq 4). The third statistical moment is skewness, which measures the asymmetry of
the probability density function (see Eq 5). A zero skewness value
means that the values are evenly distributed on both sides of the
mean. The fourth statistical moment is the kurtosis, which is a
measure of the weight of the tails, i.e., the relative amount of data
within the tails of a time series (see Eq 6) [44]. A higher kurtosis
indicates a distribution in which a majority of the variance is
caused by a few severe deviations from the mean, rather than
more frequent, modest deviations.
N
X

xt

t¼1

l¼
¼ Eðxt Þ
N
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u N
uX
u ðx  l Þ2
t
u
x
t t¼1
Eðxt  lx Þ
pﬃﬃﬃﬃ
rx ¼
¼
N
N

(2)

where:
/i ¼ modal displacement at degree of freedom i, and
h ¼ distance between degrees of freedom i þ 1 and i  1.
Figure 7 represents the summation of the mode shape curvature
changes for the ﬁrst four modes summed for all 33 measurement
points. The sensitivity of the mode shape curvature is noted to be
slightly lower than that of the mode shape distortions, varying
between 55% and 80% for the most severe damage state. The
experimental campaign indicates that the second mode shape curvature is the most sensitive to damage and the ﬁrst mode shape
curvature is the least sensitive.

5

(3)

(4)

S¼

Eðxt  lx Þ3
r3x

(5)

k¼

Eðxt  lx Þ4
r4x

(6)

where:
xt ¼ vibration response data,
N ¼ number of data points, and
E ¼ expectation operator that calculates the mean of a random
quantity.
The ﬁrst four statistical moments are calculated considering all
the FRFs for the 33 measurement locations on the test arch. The
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The damage sensitivities of the skewness and the kurtosis are
signiﬁcantly higher than those of the natural frequencies and
mode shape derivatives. However, as is discussed in a later section, one must bear in mind that skewness and kurtosis are signiﬁcantly more sensitive to environmental noise than natural
frequencies or mode shape derivatives.

Regression Analysis
Time domain regression analysis aims to train models to ﬁt autocorrelated time-series data. The coefﬁcients of the ﬁtted model,
the residuals between the model and the time domain data, or, as
in our case, the singular values of the ﬁtted model can be used as
features. Perhaps the most common regression analysis is the
autoregressive (AR) model, which is given for an order p in Eq 7
[45]. Herein, the RMS error measure is implemented in order to
ﬁnd the optimal AR order. RMS error is a measure of the total difference between values estimated by the AR model and actual
measured values. A maximum order of 22 and a minimum order
of 2 are obtained for the FRFs from the experiments. Therefore, to
avoid any loss of information and to reduce the residuals, a model
order of 22 is used for future analyses.

xt ¼

p
X

/i xðtiÞ þ et

(7)

i¼1

FIG. 8—(a) Skewness and (b) kurtosis of FRF measurements from the experimental hammer impact test.

ﬁrst two statistical moments are observed to be insensitive to
damage and thus are left out of further discussion. The third
(skewness) and the fourth (kurtosis) statistical moments, plotted in
Fig. 8, are observed to exhibit high sensitivity to damage. The percentage changes in these two features are plotted for the experimental data in Fig. 9. The skewness feature yields a 90% total
change for all sensor locations due to damage for the most severe
damage state, i.e., damage state 4. The kurtosis feature is more
than three times as sensitive as the skewness and yields a 300%
change for the same damage level.

where:
xt ¼ time or frequency domain response under investigation,
et ¼ residual term, and
/i ¼ AR parameters.
Herein, AR models are trained using the least squares estimation of the undamaged and the damage states of the arch. The
dataset consists of FRF measurements from all 33 measurement
points over the entire frequency range (0–1.6 kHz). The magnitudes of the singular values of these trained models act as features,
and the changes in the features are calculated based on the Euclidean norm of the residuals between the undamaged and damaged
singular values. The changes in features are normalized and
summed for all 33 measurement points to obtain the damage indicator for each damage state (Fig. 10).

FIG. 9—Absolute percentage change in the (a) skewness and (b) kurtosis for FRFs from the experimental campaign; the dashed lines signify the noise sensitivity.
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FIG. 10—Singular value decomposition (SVD) scores for AR model parameters of the FRFs from the experimental campaign.

Assimilating Vibration Response Features
The vibration response features described in the preceding section
are advantageous, because they are low-dimensional and thus
make trends in the vibration response readily observable. Moreover, the mathematical model-ﬁtting during feature extraction acts
as a ﬁlter and, to a certain extent, removes the extraneous effects
of noise factors from these low-dimensional features. However,
while operating with such low-dimensional features, there is the
danger of excessively reducing the measurement data, which
might result in the loss of important information about the structural damage. This section illustrates a simple way to remedy this
problem by assimilating multiple low-dimensional vibration
features.

Damage Sensitivity of Assimilated Features
Figure 1 of this paper introduces the concept of determining the
damage sensitivity of a vibration feature based on the slope a
between the damage indicator and the damage index. Recall that
the damage indicator is a unitless entity, and thus different indicators can be directly compared to each other. Therefore, once all
the damage indicators are normalized and made dimensionless,
they can be added together to increase the sensitivity to damage.
Thus, the damage indicator at every damage level is an addition of
a number of features corresponding to that damage level normalized to an assumed undamaged state. This approach can be
extended to all possible combinations of vibration features, as
long as the damage indicators derived from the changes in the
vibration features are treated as normalized values.
Figure 11 illustrates the assimilated damage indicators
obtained through the experimental campaigns considering only
the frequency, mode shape distortion, and mode shape curvature.
The preceding section revealed that the sensitivity of features is
non-monotonic and thus might vary for different damage levels,
and might even exhibit a decreasing trend with increasing levels
of damage. However, as seen in Fig. 11, the assimilation of multiple low-dimensional features yields a monotonic, non-decreasing
trend and reduces the risk of false negatives (i.e., interpreting the
data as if the structure were maintaining its state when the damage

FIG. 11—Damage sensitivity comparison of various damage indicators with
progressive damage: (a) experimental campaign with three features; (b) experimental campaign with ﬁve features.

is in fact propagating). This is perhaps the most advantageous
aspect of assimilating multiple features.
Moreover, when multiple damage-sensitive indicators are
summed together, we obtain a more sensitive damage indicator.
The assimilation of various vibration features greatly increases the
slope a of the damage indicator with respect to the damage index.
For instance, see Fig. 11(b), in which features obtained from
statistical moments and regression analysis are added to those in
Fig. 11(a) to reach an even more sensitive damage indicator. As
seen, the slope a of the plot approximately doubles with the addition of two new features. Of course, this increase in slope must be
evaluated in light of the increase in the noise threshold level,
which is discussed next.

Noise Sensitivity
The selection of vibration response features must go beyond damage sensitivity and consider the effects of noise on features. In this
study, the vibration response features are identiﬁed under controlled excitation forces (i.e., impact excitation); therefore, herein
noise constitutes the effects of ambient noise in the system on
identiﬁed features.
This section investigates the degrading effects of ambient
noise, which is commonly encountered in the testing of civil
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FIG. 12—Changes in FRFs at increasing damage levels with and without ambient noise.

engineering structures. For this purpose, an artiﬁcial Gaussian
white noise signal with a maximum amplitude of 0.25 Vrms and a
frequency range of 0 to 1.6 kHz is applied to the scaled arch structure using electrodynamics shakers at the base of the arch. The
only noise ﬁlters applied are the averaging ﬁlter and anti-aliasing
ﬁlter discussed in the “Experimental Procedure” section. Figure
12 presents the FRFs for the ﬁve damage states obtained with and
without artiﬁcial noise. As is evident in Fig. 12, the effect of noise
on FRFs is not constant at all damage levels. In fact, the noise sensitivity of FRFs increases as the damage level increases. Therefore, as damage progresses, the system identiﬁcation of modal
parameters and the extraction of other low-dimensional features
from FRFs become increasingly difﬁcult, and the parameters
extracted become increasingly uncertain. This implies that in
Fig. 1, the noise sensitivity of features should, in fact, be represented as a non-constant variable.
In Fig. 9, the dashed lines display the percentage change in the
skewness and the kurtosis between FRFs with and those without
the applied noise for all experimental damage states. The change
in the noise sensitivity of the skewness remains below 30% and
exhibits a non-monotonic trend as the damage increases. In contrast, for increasing levels of damage, the absolute change in the

kurtosis (i.e., the “peakedness”) of the FRFs remains below 35%.
As seen in Fig. 12, the FRFs become noisier as the damage level
increase, which makes it more difﬁcult to identify features in the
FRFs.
In Fig. 13, the assimilation of both damage and noise
sensitivity plots considering the skewness and kurtosis features is

FIG. 13—Assimilated damage indicator with the change in skewness and kurtosis and the assimilated noise level for the two features.
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demonstrated. Here, for the most severe damage state, the assimilated damage indicator reaches as much as 400%, whereas the
assimilated noise effects remain as low as 50%, yielding a signalto-noise ratio of 8 to 1. However, from Fig. 13, it is also evident
that the ﬁrst damage state with a single crack is not diagnosable
when skewness and kurtosis features are used. The changes in the
selected vibration response features are approximately 6%, which
falls below the noise level of 17%.

Discussion
Through the case study structure evaluated herein, it is observed
that the noise sensitivity of a structure increases as the damage
level increases. Therefore, for varying levels of damage severity,
there is a need to determine optimum features that concurrently
exhibit high damage sensitivity and low noise sensitivity, and
which thus yield high signal-to-noise ratios. A variety of vibration
response features have been experimentally evaluated for a semicircular arch, considering the propagation of cracks due to a hypothetical, gradually increasing concentrated load. The development
of four distinct hinges is approximated as cut-outs from the crosssection. Experimentally obtained natural frequencies, mode shape
distortions, mode shape curvatures, and features obtained from
statistical moments and regression analysis, discussed herein,
exhibit non-monotonic trends as the damage level increases.
Moreover, several additional features that were left out of the
paper for the sake of brevity also were investigated. For higher
order modes, difﬁculties are encountered when calculating the
MAC and COMAC features because the modes swap order,
appearing and disappearing as damage propagates. Owing to the
abrupt changes in the sequence of modes, the FRAC is observed
to yield signiﬁcantly high changes. However, it must be emphasized that the noise sensitivity of the FRFs is observed to increase
with increasing damage; therefore, for practical applications a
change in the FRAC might overestimate the presence of damage.
The maximum vibration response of the structure is found to
increase in a linear relationship with an increase in the damage
index, because of the increased ﬂexibility of the structure. However, the RMS vibration response feature is observed to have a
highly non-monotonic relationship with the severity of damage.

Conclusion
SHM is a global diagnostic technique for condition-based maintenance of civil infrastructure. In the past, the research community
involved in SHM has used a variety of vibration based features.
Largely based on the convenience and ease of their identiﬁcation
from measurements, natural frequencies and mode shapes, as well
as their derivatives, have received the most attention in published
work. An overview of pertinent literature reveals that optimum
damage-indicating features vary based on the varied user end
requirements of SHM, i.e., the speciﬁcs of the structure and damage types to be diagnosed. Therefore, it becomes challenging to
select a single, best feature while maintaining the general applicability of the diagnostic procedure. Our contribution to the state of

9

the art is the concept of assimilating normalized unitless damage
indicators. By ﬁrst normalizing the damage indicators, one can
obtain unitless quantities that can be not only objectively compared in terms of their damage and noise sensitivity, but also
added together to become better indicators of damage. The sum
rule applied to fuse the individual features makes the assimilated
damage indicator robustly resistant to false indications that might
be observed when individual features are used alone. This added
robustness can be explained by the premise that the features show
varying sensitivities to the factors that lead to false indications,
such as environmental variables and the nature of the damage (severity, location, and classiﬁcation).
The experimental campaign is conﬁgured to mimic an impact
hammer test, which is a type of test in which controlled excitation
sources are used. However, the experimental ﬁndings of ambient
vibration testing can easily be incorporated into the proposed
framework. This study presumes the availability of measurements
of the undamaged state of the structure of interest, and this
assumption, in real-life applications, might reduce the practicality
of the proposed method.
Although the vibration response features are observed to be
successful in indicating damage in general, the results presented
herein might vary for different structure types and damage scenarios. Therefore, similar studies must be completed for other common forms of masonry structures, such as domes, vaults,
buttresses, etc.
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