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Incipient Damage Detection for Large Area
Structures Monitored With a Network

of Soft Elastomeric Capacitors
Using Relative Entropy

Austin Downey , Mohammadkazem Sadoughi , Simon Laflamme , and Chao Hu

Abstract— Structural health monitoring of mesoscale struc-
tures is difficult due to their large sizes and often complex
geometries. A solution to this challenge lies in the development
of sensing skins. Sensing skins are an emerging technology that
enables a broad range of sensors and their associated electronics
to be integrated onto a single sheet, therefore, reducing the cost
and complexity associated with deploying these dense sensor
networks onto mesoscale structures. This paper presents a new
algorithm for the detection and localization of incipient damage
in structures. The algorithm is specialized for a sensing skin
consisting of a large area electronic termed as soft elastomeric
capacitor. The proposed algorithm utilizes relative entropy to
quantify the dissimilarity between one sensor and every other
sensor in the network, with more weight placed on the dissimi-
larities between the sensor of interest and those in its immediate
vicinity. The algorithm is data-driven and does not require the
healthy condition be known or historical data sets be available
to generate damage sensitive indexes. Numerical simulations are
used to demonstrate the effectiveness of the data-driven algorithm
in both detecting and localizing incipient damage.

Index Terms— Structural health monitoring, capacitive-based
sensor, soft elastomeric capacitor, damage detection, relative
entropy, full-field strain maps, sensor fusion.

I. INTRODUCTION

LOCALIZATION of damage on mesoscale structural sys-
tems, which include full-scale civil, aerospace, and

energy structures, is a challenging task, but one that pro-
vides real economic incentives arising from the premise
of condition-based maintenance [1], [2]. To date, various
approaches to damage detection, localization, and quantifi-
cation on mesoscale structures have been proposed. These
approaches can generally be classified into either indi-
rect or direct sensing methods. Indirect sensing of structural
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systems typically focuses on the vibration monitoring of the
systems where damage is localized through the use of sophis-
ticated data analysis or model-assisted damage detection [3].
While vibration monitoring is capable of detecting damage
in mesoscale structures using a limited number of sensors,
the localization of damage is an arduous task. In contrast
to the indirect sensing approaches, direct sensing approaches
function through the direct measurements of a structure
using discrete, often strain transducing sensors [4]. Distributed
dense sensor networks (DSNs) can be deployed for direct
damage sensing of large surfaces. While the use of DSNs
offers excellent damage localization capabilities, the techni-
cal (e.g., signal cross-talk and wire management) and eco-
nomic (e.g., installation and data processing costs) trade-offs
make deploying a high number of traditional, individually
mounted sensors challenging [5]. In the case where damage
of sufficient magnitude forms directly under a sensor, this
damage [6] is often detectable using simple threshold style
algorithms [7]. However, the detection of incipient damage
(early stage damage of low magnitude) is more complex as its
signature contained in the sensor signal is weak and concealed
by sensor noise. Data-driven techniques based on statistical
methods have been used to detect incipient damage in various
engineered systems [8]–[10].

One solution to the deployment of DSNs is enabled by
recent advances in sensor technologies that allow for all
the required sensors, electronics, and communications to be
mounted onto a single flexible substrate, creating a sens-
ing skin [11]–[14]. These sensing skins, also termed sensing
sheets or electronic artificial skins, mimic biological skin in
that they are capable of detecting and localizing damage over
the structure’s global area. In this work, a previously proposed
sensing skin consisting of a network of large area sensors,
termed soft elastomeric capacitor (SEC), is used as the sensing
skin [15]. The SEC is a low cost and robust large area sensor
that transduces a change in a structure’s geometry into a
measurable change in capacitance. The detection of damage
within the area monitored by the SEC-based sensing skin has
been investigated both numerically and experimentally through
various approaches. These include the spatio-temporal compar-
ison of sensor responses [16] and the monitoring of changes
in full-field strain maps [17]. In this paper, we propose an
algorithm termed spatial damage index (SDI) that leverages
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the network configuration of the SEC-based sensing skin in
combination with the kriging interpolation method to generate
spatial damage maps that provide improved damage detection
capabilities over existing gradient-based spatial damage detec-
tion methods. Kriging is utilized to generate full-field strain
maps that contain both the expected value and its variance at
each point of interest within the monitored area.

The proposed SDI algorithm utilizes the relative entropy
between two probability density functions (PDFs) to quantify
the dissimilarity between the signal of one sensor and that of
every other sensor in the network, with more weight placed
on the dissimilarities between the sensor of interest and those
in its immediate neighborhood. The use of relative entropy,
often based on the Kullback-Leibler divergence (KLD), has
been shown to improve the detection of incipient damage
over the monitoring of changes in signals (e.g., shifts in
signal means or variances) directly [18]. KLD has found
uses for crack detection in a nickel-based alloy plate [8],
anomaly detection in electric motors [19], and fault detection
in composite wing structures [20]. SDI provides a spatially
distributed damage index that is obtained directly from the data
(i.e., data-driven) without the use of black boxes or historical
data sets. SDI calculates a damage sensitive index for any
given location in the monitored section of a structure by
taking the L1-norm of multiple KLD values. Each of these
KLD values is obtained by comparing the PDF of the kriging
estimated strain at the point of interest with that at the
same point when one SEC is removed from the training set.
SDI creates a full-field map of damage sensitive indexes by
recursively solving for each KLD value at all the points of
interests. These damage sensitive indexes can be interpreted
as damage when compared to a proper baseline (i.e. healthy
condition) [21]. This work presents a numerical investigation
of the SDI algorithm for detecting incipient damage on a
reinforced concrete beam.

II. BACKGROUND

This section provides a review of the SEC sensor and the
SEC-based sensing skin, followed by an overview of kriging.

A. SEC-Based Sensing Skin
The SEC-based sensing skin is based on a network of

densely deployed SECs. The SEC is a low-cost, robust, and
highly scalable thin-film strain sensor that consists of a parallel
plate capacitor. For a given change in a monitored structure’s
geometry of (i.e., strain), the SEC transduces a measurable
change in its capacitance. An SEC, presented in figure 1(a)
with its key components annotated, is constituted from an
SEBS block co-polymer arranged in three layers where the
inner layer (dielectric) is filled with TiO2 to increase both its
durability and permittivity while the outer layers (conductors)
are doped with carbon black to both provide conductive
pathways and increase the sensor’s resiliency to weathering.
Manufacturing of the SEC is covered in more detail in [15].
A model that relates change in a sensor’s capacitance (C) to
a change in the monitored structure geometry (i.e. strain) can
be derived from the parallel plate capacitor equation:

C = e0er
A

h
(1)

Fig. 1. SEC-based sensing skin for the monitoring of mesoscale structures
showing the: (a) SEC sensor with key components and axes annotated;
(b) layout of the SEC-based sensing skin used in this study including the
3 damage cases investigated; (c) SEC-based sensing skin deployed onto the
side of a reinforced cantilever concrete beam.

where e0 = 8.854 pF/m is the vacuum permittivity, er is the
polymer’s relative permittivity, A = d · l is the sensor area
of width d and length l (as annotated in Figure 1(a)), and
h is the thickness of the dielectric. Assuming small strains
in the substrate and a plane stress condition in the sensor,



DOWNEY et al.: INCIPIENT DAMAGE DETECTION FOR LARGE AREA STRUCTURES 8829

Fig. 2. Q-Q plot of SEC sensor signal compared to a normal distribution
along with the static temporal data from which this data was taken (upper
inset) and the sensor’s response to a sinusoidal load (lower inset).

equation (1) can be written as a change in capacitance (�C):

�C

C
= λ(εx + εy) (2)

where ν is the sensor material’s Poisson’s ratio taken as
ν ≈ 0.49 [22], with λ = 1/(1 − ν) ≈ 2 representing the gauge
factor of the sensor. A key advantage of the SEC is its capa-
bility to measure the additive strain of a structure, as shown
in equation (2). Previously reported experimental data for an
SEC is presented in figure 2. The main figure consists of
a quantile-quantile (Q-Q) plot demonstrating that the noise
of an SEC signal can be effectively estimated by a normal
distribution with a standard deviation of ξ = 32 με. The
upper inset shows the static signal from which this data was
extracted, while the lower inset shows a sensor response for
the SEC under a dynamic load. More details regarding the
quantification of SEC noise can be found in [23].

Figure 1(b) presents an SEC-based sensing skin, consisting
of a network of densely deployed SECs mounted onto the
surface of a structure, as shown in figure 1(c). A fully
realized SEC-based sensing skin would consist of a flexible
substrate (e.g., Kapton) with all the required electronics for
power management, data acquisition, and communications,
embedded onto the substrate. For more detail on the pro-
posed sensing skin, the interested reader is referred to [17].
To further leverage the network of SECs, the geometry of an
SEC can be fused into the strain signal using the previously
proposed technique presented in [23].

B. Universal Kriging
Kriging is a method of spatial interpolation for which the

interpolated values are modeled by a Gaussian process [24].
Importantly for this work, kriging provides both an interpo-
lated value at any location within the spatial grid and its
associated confidence interval that represent the uncertainty of
the interpolation. Kriging predicts the value of a function at a

point of interest by computing a spatially weighted average
of the training points in the neighborhood. The function
under consideration can be modeled as Z(x) = μ(x) + �(x),
where Z(x) is the real value at location x and μ(x) is the
expected constant mean value of the process and �(x) denotes
the small-scale spatial variation in the process. However,
in situations where the mean value of the function varies
smoothly, as it is generally the case with strain fields, universal
kriging (UK) is preferred [25]. A kriging estimated value at
the point of interest, ẑ(x0), can be expressed as the sum of the
drift drifting mean value (m̂) plus the residual (ê):

ẑ(x0) = m̂(x0) + ê(x0) (3)

where the drift term m̂ is fit onto an assumed trend term using
linear regression. This work utilizes the regional linear drift
trend to estimate the mean value at x0, however other terms
including linear, polynomial, and point logarithmic [26] could
also be used. Equation 3 can be written in a matrix notation:

ẑ(x0) = qT
0 · β̂ββ + λλλT

0 · e (4)

where q0 is a vector of the predictors at x0, β̂ββ is a vector that
contains the estimated drift term coefficients, λλλ0 is a vector
of kriging weights determined by the covariance function, and
e is a vector that contains all the regression residuals. The
covariance matrix (C) is estimated using the power variogram
model expressed as s · dα + n, where s is a scaling factor,
α is the exponent (between 1 and 1.99), and n is the nugget
term that effectively takes up “noise” in the measurement [24].
The variance of the kriging estimate at the point of interest
can then be calculated by:

ξ 2(x0) = n − cT
0 · C−1 · c0 + (q0 − qT · C−1 · c0)

T

· (qT · C−1 · q)−1 · (q0 − qT · C−1 · c0) (5)

where c0 is a vector consisting of the residuals between the
points of interests and the known data points. UK can create a
near continuous interpolation of a sampled process, given that
various points of interest are sampled with sufficient density.
This work utilized PyKrige for the development and solving
of the UK interpolation models [27], itself based on the work
found in [24].

C. Kullback-Leibler Divergence
The Kullback-Leibler divergence (also called relative

entropy) is a method for quantifying the dissimilarity between
two PDFs [8]. For distributions P and Q of two continuous
random variables, with the respective densities denoted as
p and q , the KLD is defined to be the following integral

DKL(P||Q) =
∫ ∞

−∞
p(x) · log

p(x)

q(x)
dx (6)

However, when dealing with two Gaussian distributions,
as generated by equations 4 and 5, the KLD of the Gaussian
distributions (P and Q) can be represented by their respective
means and variances (μp, ξp , μq and ξq ). Correspondingly,
equation 6 becomes:

DKL(P||Q) = log

(
ξq

ξp
+ ξ 2

p + (μp − μq )2

2ξ 2
q

− 1

2

)
(7)
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Fig. 3. Full-field KLDs for five different Qs, each with a different SEC
removed from the kriging training set, showing KLDs increases in the presence
of strain map anomalies (e.g., damage).

therefore simplifying the computational processes required for
the calculation of the KLD.

III. METHODOLOGY

This section first introduces the proposed algorithm and then
discusses the numerical validation procedure used in this work.

A. SDI Algorithm

This work proposes the novel SDI algorithm for the cre-
ation of full-field damage indicator maps. The SDI algorithm
generates these damage indicator maps through a systematic
approach that progressively calculates the KLD between a
kriging interpolated model developed using all sensors in the
sensing skin and a model developed with one sensor removed
from the training set used to build the kriging model. Let us
consider an SEC-based sensing skin with n sensors. SDI starts
by first calculating the probability distribution P characterized
with μp and ξp from equations 4 and 5 for the training set
that considers all n SECs. Thereafter, n different Q probability
distributions are calculated for each of the points of interest.
Each Q probability distribution is developed from a training
set consisting of n − 1 SECs where the removed SEC is
changed for each successive calculation. The distribution Q is
also represented by its mean and variance values (μq and ξq )
as calculated using equations 4 and 5. After, the KLD for
each point of interest is calculated between P and Q using
equation 7. Figure 3 demonstrates how the KLD increases
between P and the respective Q at the points of interest around
the damage when an SEC is removed close to or exactly
above the damage. Next, the SDI algorithm calculates the
L1-norm of the n KLDs at each spatial point of interest.
Lastly, the L1-norm lengths are plotted to generate the spatially
distributed damage sensitive indexes. To summarize, the SDI
algorithm follows a direct six step process:

1) Strain measurements are obtained from each SEC.
2) A full-field strain map of P is developed by using all

n sensors to train the kriging model.
3) n full-field strain maps of Q are generated where each

strain map is generated by ignoring one of the SECs.
4) For each point of interest, n KLDs are generated

between P and the n unique Qs.
5) The length (L1-norm) of the KLDs is obtained for each

location of interest.

6) The L1-norm lengths are plotted to generate the spatially
distributed damage sensitive indexes.

B. Numerical Validation
The finite element analysis (FEA) model used for the sim-

ulations is presented in figure 1(c). It consists of a 2 × 0.5 ×
0.5 meter reinforced cantilever concrete beam loaded at its tip.
The beam was constructed in Abaqus using 72,306 eight-
node brick elements with reduced integration [28]. The FEA
meshing is visible in figure 1(c). The loading cases considered
are such that the beam remains linear. Three damage locations
are used in this work and are presented in the subset of
figure 1(b). These damage locations, each introduced into the
FEA model as a reduction in the concrete’s stiffness, protrude
all the way through the beam. Damage cases were selected to
investigate damage that forms directly under a sensor (damage
location #1), under two sensors (damage location #2), and
close to the neutral axis of the beam where strain levels are
lower (damage location #3). The SEC data is obtained by
taking the average additive strain under each sensor, applying
noise from a normal distribution (ξ = 32 με), and fusing the
sensor geometry into the strain signals.

For each damage location, 156 different combinations of
damage and loading cases were considered. These combina-
tions were constituted by pairing each of the 12 damage cases
with each of the 12 loading cases (plus one healthy case).
These results are first presented as damage index maps for a
few selected loading/damage case combinations. The loading
levels and damage levels, introduced as relative changes �%
of the concrete stiffness value in the damage area, are pre-
sented in table I. The damage detection maps obtained by the
SDI algorithm are compared to those obtained by second-order
Laplace and Gaussian filters to show the enhanced capabilities
of SDI over these accepted techniques. A grid measuring
100 × 400 for the points of interest was solved for by SDI.

Subsequently, the metrics for the detection and localization
of damage are considered. The damage is considered to be
properly detected and localized if the maximum L1 length
of the damage is both at the location of the damage and
higher than any L1 distance calculated using the healthy beam
case. The use of this threshold index eliminates the possibility
of false positives (i.e. damage that is correctly localized
but only as a function of the signal noise). In the case of
localization, the damage is considered to be correctly localized
if the max damage index obtained by the SDI algorithm is
within 0.05 meters from the damage. Calculations for the
probability of detection (POD) for each of the loading/damage
case combinations is achieved by generating 50 noise cases for
each case combination and dividing the number of noise cases
where the damage is correctly detected and localized by the
total number of noise cases.

IV. RESULTS

The spatially distributed damage sensitive indexes gener-
ated using the SDI algorithm are presented in figures 4-6.
These figures report the SEC-measured strain values on the
leftmost column and the results by the SDI algorithm on the
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TABLE I

LOADING AND DAMAGE CASES USED IN THE NUMERICAL SIMULATIONS

Fig. 4. Numerical validation of the SDI algorithm for damage location #1 under loading case #12 showing (by column) the SEC measured strain maps,
the SDI generated damage indexes, the Laplace transformation, and the Gaussian transformation for three different damage cases.

Fig. 5. Numerical validation of the SDI algorithm for damage location #2 under loading case #12 showing (by column) the SEC measured strain maps,
the SDI generated damage indexes, the Laplace transformation, and the Gaussian transformation for three different damage cases.

center-left column. Additionally, the results for the gradient-
based image filtering techniques (Laplace and Gaussian trans-
formations) are reported in the center-right and rightmost
columns. The colorbars report each subfigure’s min and max
values. Figure 4, reporting the results for damage location #1,
shows that, for lower damage cases (i.e. damage cases #1-8)
under this loading condition, the SDI algorithm tends to
identify damage along the top edge of the beam where the

strain values are the greatest. However, when the damage
level increases to damage case #9, the SDI algorithm cor-
rectly localizes the incipient damage. This damage case is
not notably detectable through the direct inspection of the
measured strain map, the Laplace transformation, or the
Gaussian transformation. Increasing the severity of damage
to case #10, the SDI algorithm detects the damage. While the
Laplace transformation can also detect damage at this stage,
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Fig. 6. Numerical validation of the SDI algorithm for damage location #3 under loading case #12 showing (by column) the SEC measured strain maps,
the SDI generated damage indexes, the Laplace transformation, and the Gaussian transformation for three different damage cases.

results are much less evident than those from the SDI
algorithm. Furthermore, damage detection from the strain
map or Gaussian transformation is still uncertain and would
require further signal post-processing.

Figure 5 report the results produced by the SDI algorithm
for a damage (location #2) that sits in between the two SEC
sensors. As observed in figure 4, for low levels of damage
the SDI algorithm tends to localize damage in the areas of
high strain. However, as the damage increases in severity,
the algorithm is able to correctly detect and locate the damage.
In comparison to damage location #1, damage location #2 has
considerably more spread in its estimated damage location.
This is attributed to the damage not being completely covered
by a single sensor, but rather directly affecting two sensors
as seen in figure 1(b). Similar to the results for damage
location #1, the SDI algorithm outperforms both the Laplace
and Gaussian transformations in all cases. While the Laplace
transformation was able to detect and localize the damage in
damage case #10, results are also less evident than those from
the SDI algorithm. Lastly, damage location #3 is considered
in figure 5. This damage, located near the neutral axis of the
beam, sees significantly less strain and therefore lower signals
at the location of the damage. However, the damage can still be
correctly located by the SDI algorithm, given that the damage
is severe enough. As before, the SDI algorithm outperform
both the Laplace and Gaussian transformations.

The peak L1-norms for three damage cases are presented
in figure 7 for loading case #12 under damage location #1.
The left-hand side of the subfigures reports the peak damage
indexes for the healthy condition. Considering the maximum
healthy value as the threshold for damage detection, the right-
hand side of figures (a)-(c) presents the max L1-norm distance
of the damage cases #7, #9, and #10. Figure 7(a) presents
a condition that only correctly localizes the damage 7 out
of 50 times, however, this case does not generate any L1-norm
distances greater than that generated by the healthy data and
as such does not correctly identify any damage, resulting in

Fig. 7. Max damage index values showing the relationship between the
healthy and damage values, including noise cases with correct/incorrect
damage localization, for loading case #12 under damage case: (a) #7;
(b) #9; and (c) #10.

a POD of 0. In comparison, figure 7(b) correctly localizes
the damage for every noise case considered. However, due to
the relatively high level of noise in the SECs, only 16 cases
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Fig. 8. POD results for damage location: (a) #1; (b) #2; and (c) #3.

fall above the minimum threshold set by the healthy condition
and a POD of 0.32 is obtained. An example of this situation
can be seen in figure 4 for damage case #9 where the
maximum L1 distance correctly locates the damage. However,
this value (17.5) falls below the max value obtained from the
50 samples of the healthy state. Lastly, figure 7(c) shows a
case in which the damage is correctly detected for every noise
case, resulting in a POD of 1. Figure 8 reports the POD values
for each of the loading/damage case combinations. Generally,
given a severe enough damage and sufficient loading force,
the SDI algorithm is shown to be capable of accurately and
repeatably detecting and localizing damage within the area
monitored by the sensing skin. The reduction in the POD for
the relatively low damage cases with an increase in the applied
loading forces is a result of increasing strain values along the
top of the beam, as discussed before and shown in figures 4-6.

V. CONCLUSION

An algorithm for damage detection and localization over the
surfaces of mesoscale structures monitored by a sensing skin
has been proposed. The sensing skin used in this work was
based on a large area electronic, termed soft elastomeric capac-
itor, that is capable of covering a large area at a low cost. When
arranged in a network configuration, these sensors are capable
of reconstructing the full-field additive strain maps of the
structure. The proposed spatial damage index (SDI) algorithm
enhances the damage detection and localization capabilities of
the sensing skin by leveraging the sensor network, where the
KLD is progressively calculated at each point in the monitored
structure between two kriging-developed strain maps. The first
of these kriging strain maps is built using data from all SEC
sensors while the set of second strain maps is calculated
by progressively removing one sensor from the training set
used to build the kriging model. Thereafter, multiple KLDs
are calculated at each point of interest between the strain
map generated using all the sensors and each of the strain
maps generated with a single sensor extracted from the data
set used for training the kriging model. Lastly, the L1-norm
of the KLD values is calculated at each point of interest,
therefore creating a spatially distributed damage sensitive
index. A numerical validation, performed on a reinforced
cantilever concrete beam, showed that the proposed SDI algo-
rithm was capable of detecting incipient damage before the
damage severity becomes detectable by a Laplace or Gaussian
transform. Overall, the proposed algorithm’s performance,
combined with the high scalability of the sensing skin, makes
the technology a promising candidate for structural health
monitoring of mesoscale structures. Future work includes
scaled and full-scale experimental testing to validate the pro-
posed algorithm under time-varying environmental conditions
(e.g., temperature and humidity).
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