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a b s t r a c t

In this study, buckypaper (BP) membranes have been used to introduce self-sensing capability in glass
fiber reinforced polymer matrix (GFRP) laminates by embedding them in the interlaminar region of the
laminates. Piezoresistive characterization studies were conducted by subjecting the self-sensing GFRP
(SGFRP) specimens to cyclic loading and high sensitivity to strain was observed. A measurement model
for real-time quantification of fatigue crack, developed using in-situ resistance measurements obtained
under fatigue loading, was used to quantify fatigue crack length in real time. The fatigue crack growth
rates and the nature of crack propagation in baseline and SGFRP specimens were compared. The results
show that the introduction of BP reduced the average crack growth rate by an order of magnitude as a
result of crack tip blunting during fatigue, while facilitating real time strain sensing and damage
quantification. A fully probabilistic prognosis methodology was also developed by combining the in-situ
measurement model with a machine learning based prognosis model to accurately predict the real-time
fatigue crack propagation using sequential Bayesian techniques.

© 2018 Elsevier Ltd. All rights reserved.
1. Introduction

Fiber reinforced polymer (FRP) composites are extensively used
in aerospace and automotive industry mainly due to their high
specific strength, reasonable fatigue life and low cost. However,
monitoring damage in composites using real-time sensors or non-
destructive evaluation techniques is a challenging task due to their
complex and heterogeneous microstructure. Recently, the aero-
space industry has focused its research on developing multifunc-
tional composites with superior mechanical properties and self-
sensing capabilities that enable the composite to autonomously
sense deformation and damage in real-time. Self-sensing capability
is an important feature that can reduce maintenance and inspec-
tion time while increasing the safety of aerospace structures [1,2].
Many recent studies have focused on employing piezoresistive
property of constituent materials for structural health monitoring
(SHM) of composite structures. The advantage of piezoresistive
based sensing is that it does not require expensive equipment for
instrumentation or the placement of discrete sensors that can
compromise structural strength or performance. Of late, carbon
nanotubes (CNTs) have gained immense popularity as a multi-
functional nanofiller for FRPs. The CNTs when added to FRPs form a
conductive percolation network, thereby rendering the structure
conductive. Owing to the conductive and piezoresistive nature of
CNTs and their percolation networks, many researchers have
demonstrated electrical resistance based SHM of such composite
structures [3e8]. Carbon nanotubes have shown promise as nano-
fillers that introduce multifunctional properties in composites by
considerably improving their mechanical properties such as tensile
and compressive strength, elastic modulus and fatigue resistance in
addition to enhancing thermal and electrical properties [9e19].

Alexopoulos et al. developed a CNT based polyvinyl alcohol fiber
which, when embedded in GFRPs, enabled real time strain and
damage monitoring of the GFRP under static and cyclic load [3].
Kim et al. demonstrated damage detection in 3D braided compos-
ites using dispersed CNTs in the polymer matrix and measuring the
electrical resistance change of the composite as the composite was
loaded [20]. Vertuccio et al. investigated the strain and damage
sensing capability of CNT embedded resins under static and cyclic
strain [21]. They showed that strain sensitivity of CNT based com-
posites can be controlled by varying the weight fraction of CNT
nanofiller in the host structure.

Recently, the applications of CNTs in the form of buckypaper
(BP), which is a thin porous membrane of highly entangled CNTs
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held together by van der Waals forces, have received extensive
recognition. Buckypaper offers versatility in a variety of applica-
tions which include water purification, gas/vapor sensing, strain
sensing, fire retardant coatings, artificial muscles, EMI shielding
and self-heating hybrid composites [22e26]. Rein et al. explored
the effects of wide range of strains on the electrical response of BP
embedded in different types of polymers [27]. They reported
observing high strain-sensitivity of BP even at strains as high as
30%. The electromechanical response of the BP sensors used in their
study was also found to be influenced by local defects and geom-
etry. Zhang et al. embedded BP in glass fiber laminates for strain
and damage sensing through electrical resistance measurements
and analyzed BP sensitivity in different strain ranges [28]. Bucky-
paper was embedded in bonded joints in a study by Rai et al. and
real-time strain monitoring was done using the piezoresistive
response during pull off tests [29]. However, most of these studies
found in literature provide a qualitative measure of damage in the
material based on residual resistance increment. Also, there has
been little effort done to correlate residual resistance increments to
quantitatively express damage in such composites. Thus, a novel
method for real time fatigue crack length quantification in a new
type of BP embedded GFRP composite has be presented in this
paper.

In this research, CNT BPs manufactured from a novel fabrication
process have been used to successfully induce multifunctional ca-
pabilities, such as strain sensing, damage quantification and
improved fatigue resistance, in GFRP laminates. The capability of
this BP manufacturing process to rapidly manufacture sizable
membranes is demonstrated and its potential to advance CNT
membrane based composites to structural scale applications is
realized through the development of self-sensing GFRPs (SGFRPs)
with superior resistance to fatigue crack growth. The ability to
autonomously sense and quantify strain and damage in real time
has been demonstrated through in-situ resistance measurements
during fatigue loading.

A novel damage prognosis methodology that combines highly
robust machine learning based prognosis model with in-situ mea-
surement models is developed [30]. The measurement model is
obtained through measuring the resistance change with increase in
the crack length. Since the resistance measurements can have
variance in actual service life environments due to temperature
variations and ambient vibrations, the measurements may not be
sufficient to accurately quantify damage. Therefore, the measure-
ment model is combined with a prognosis model capable of pre-
dicting the crack propagation accurately with in a sequential
Bayesian framework [31,32]. Specifically, particle filtering was used
to iteratively update the crack length predictions from the prog-
nosis model with the resistance based crack length measurements
obtained from the measurement model. The proposed methodol-
ogy optimally combines the measurement model with prognosis
model to accurately estimate the crack length dynamically with
uncertainty quantification. This integrated approach was validated
with experimental data. The methodology described above works
in real-time since the resistance measurements for the measure-
ment model are obtained real-time and the prognosis model uses
the measurement information at each iteration/step.

This paper is organized as follows. In section 2, the fabrication
methods followed for the BP and SGFRP are discussed along with
the experimental procedures followed for their electro-mechanical
characterization. The theoretical formulations for the prognosis
model are presented in section 3. Section 4 presents the experi-
mental results for piezoresistive strain sensing, fatigue crack
growth behavior and real-time crack quantification in SGFRPs as
well as the crack growth predictions obtained from the prognosis
model.
2. Materials and methods

2.1. Fabrication of BP

The real-time self-sensing capabilities of the BP-embedded
SGFRPs are demonstrated in the form of strain sensing and dam-
age quantification under cyclic loading. Buckypapers were fabri-
cated using multi-walled carbon nanotubes (MWNTs) that were
obtained from US Research Nanomaterials Inc., with an average
outer diameter of 10 nme30 nm, average length of 15 mme30 mm,
and a purity level of 90% (as claimed by the manufacturer). A novel
slurry compression process, developed in-house for high speed
fabrication of sizable BPs, was used. A high concentration slurry of
MWNTs and methanol was obtained by evaporating excess, free-
flowing methanol from a MWNT/methanol solution using a tip-
sonicator. The slurry is laid on the base compression plate as a
continuous layer in the shape of a circular disc with a height of
4mm. The top compression plate is placed in order to sandwich the
slurry between the two plates and this setup is compressed using a
20-Ton hydraulic press. The surface of the compression plates are
covered with plastic sheets to prevent the pressed CNT slurry from
adhering to the plate surface. The setup is then dismounted from
the hydraulic press and placed in an oven for drying. Next the top
plate is removed and the free-standing BP is lifted off the
compression plate and degassed in vacuum for 10 h. Scanning
electron micrographs (SEM) of the membrane were obtained using
JEOL XL-30 electron microscope to analyze the microstructure and
qualitatively characterize the structural homogeneity and
uniformity.

Fig. 1a shows a large size BP fabricated using this technique. The
BPs used in this research had a uniform thickness of approximately
400 mm and exhibited a stable and free-standing structure. Fig. 1b
shows a SEM image of the BP at low magnification (33�). This
micrograph shows the continuous and crack-free structure of as-
formed BP with absence of large voids and a fairly even surface.
Fig. 1c presents a high magnification (35000�) SEM micrograph of
the BP showing uniformly distributed, randomly oriented and
highly entangled MWNT bundles. Based on these observations, it
was hypothesized that the BP is homogeneous and has isotropic
material properties. Details of the fabrication process and addi-
tional details on the physical structure and properties of the BP can
be found in a recent publication by the authors [33].

2.2. Fabrication of self-sensing glass fiber epoxy laminates

The SGFRPs were fabricated using six layers of eight harness
satin (8HS) weave of S2 glass fiber from Fibre Glast, with each layer
having a thickness of approximately 0.25mm and bulk density of
2.46 g/cc. The polymer matrix consisted of thermoset epoxy resin
Epon 863 with hardener EPI-CURE 3290 (100/27wt ratio). A wet
layup procedure was followed wherein BP, spanning the gauge
length of the specimen, was embedded in the center interlaminar
layer (between the third and fourth glass fiber layer) of the lami-
nate. Silver adhesive tracks were painted on to the BP surface prior
to embedding to avoid the use of invasive electrodes that can often
be in the form of embedded wires. Such invasive electrodes can act
as hot-spots for damage initiation since they lead to local stress
concentrations. The application of silver tracks directly onto the BP
also results in high conductivity in the SGFRPs since the contact
resistance at the electrode-BP interface is minimized. Following the
wet layup procedure, the specimens were cured in a 24-ton hot-
press at 150 �F for 6 h. Since the as-formed embedded BP has a
porous structure, it's thickness reduces to approximately 60e80 mm
after the curing process is complete. Good through thickness resin
penetration and impregnation is essential to enable effective load



Fig. 2. Schematic of the measurement model for fatigue damage quantification.

Fig. 1. (a) 20 cm� 16 cm x 400 mm BP membrane fabricated from slurry compression method; (b) SEM micrograph of BP membrane at 33� and (c) at 35000�. (A colour version of
this figure can be viewed online.)
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transfer to the BP and allow for efficient real-time strain sensing.
The final laminate thickness after curingwas approximately 1.5mm
and test specimens of size 200mm� 25.4mm were prepared for
mechanical and piezoresistive characterization.

2.3. Strain sensing

To analyze the piezoresistive response of the SGFRP under
tension-tension cyclic loading, 800 x 100 specimens without any
notch were tested with a strain range of 0.002e0.009 using a MTS
Bionix servo-hydraulic test system. Specimens without notch were
used for the piezoresistivity analysis to obtain uniform stress dis-
tribution in the BP layer. The piezoresistive response was recorded
in real time using a digital multimeter (Fluke 289) with a data
logging feature. The gauge factor of the SGFRP was calculated from
the relation

GF ¼
�
R� Ro
Ro

��
1
ε

�
(1)

where R is the electrical resistance at strained state, Ro is the
original resistance and ε is the longitudinal strain increment.

2.4. Fatigue crack length quantification

The fatigue crack propagation in single edge notch SGFRP
specimens (shown in Fig. 4) was investigated next. The specimens
were subjected to displacement controlled tension-tension fatigue
at a frequency of 5 Hz with strain range of 0.002e0.0065, and the
load ratio was approximately 0.2. A measurement model was
developed to correlate the fatigue crack length at any instant to the
electrical resistance of the SGFRP specimen along the gauge length
and in-situ resistance readings were recorded during the fatigue
tests. Since the loading was uniaxial and pure mode-I, the crack
growthwas approximately perpendicular to the loading axis. As the
crack length increases, a reduction in the effective conducting
width of the SGFRP specimen is observed. Based on this, a simple
measurement model is derived from the direct current (DC) re-
sistivity equation, accommodating for the reduction in conducting
width of the specimen due to increase in crack length, and is given
as

R ¼ rL
tðw� aÞ (2)

In Equation (2), a is the crack length and R is the measured
electrical resistance of the specimen, L is the length of embedded
BP (measured between the electrodes), w is the initial average
width of BP in the region between electrodes, t is the thickness of
the embedded BP and r is the electrical resistivity of SGFRP spec-
imen. Fig. 2 shows the SGFRP specimen along with the schematic of
the measurement model.

3. Prognosis model development

3.1. Mathematical formulation

The crack propagation behavior in composites under cyclic loads
is a highly stochastic and complex process governed by a variety of
damage mechanisms that include matrix cracking, fiber breakage
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and matrix/fiber debonding. Therefore, it is necessary to develop a
robust prognosis model to accurately predict the crack propagation
under fatigue loading. The hybrid prognosis model developed by
Neerukatti et al. is modified to predict the crack propagation by
incorporating a cross-validation scheme to improve accuracy [30].
In the model proposed by Neerukatti et al., the crack growth rate at
any instant of time is expressed as,

log
da
dN

¼ C1
�
aN�1;Mp; PN;Nþ1;N

�
þ C2

�
aN�1;Mp; PN;Nþ1;N

�
logðDKÞ (3)

where,Mp is a material parameter and P is the load, DK is the stress
intensity factor (SIF) range, N is the number of cycles and the co-
efficients C1 and C2 are updated iteratively as more data is obtained.
In the original model, the relationship between crack growth rate
and SIF was assumed to be linear with varying coefficients. How-
ever, since the crack growth in the SGFRP composites exhibited
significant crack retardation, the assumption of a linear relation-
ship is not valid. In fact, second and higher order polynomials
cannot capture the crack retardation phenomenon due to its highly
non linear behavior [34]. Therefore, Gaussian process (GP), which is
a machine learning approach, has been used to model the highly
nonlinear relationship in this study [35,36]. The primary advan-
tages of using Gaussian process are (i) capability to model arbitrary
nonlinear relationships (ii) adaptability with data (iii) making
probabilistic predictions. The crack growth rate is assumed to be a
random variable which follows a Gaussian distribution [37e39]. GP
makes predictions by inferring the underlying nonlinear relation-
ship between input and output spaces. Once the algorithm is
trained with the input and output parameters, it can predict the
output for a new set of input parameters.

Since the primary driving force for the crack growth is SIF, it is
necessary to evaluate the SIF for all possible combinations of crack
length and load conditions. Analytical equations cannot be gener-
alized to composite structures whose properties vary with the ply
layup [36]. Therefore, the SIF was calculated for different crack tip
locations by performing quasi-static finite element analysis (Sec-
tion 4.4). GP was then used to create a high-dimensional mapping
for the SIF as a function of the crack length and applied load as,

f
�
K
��TSIF ;F

�
xi; xj

�
; q
� ¼ 1

Z
exp

 
� ðK � mK Þ2

2s2K

!
i; j ¼ 1;&;Nr

(4a)

where K is the vector of SIF evaluated at each point on the test grid,
F is the kernel matrix, Nr is the number of rows in the grid,
TSIF¼ {xi, Ki}; i¼ 1,2, …,Nr is the training matrix consisting of the
crack length, load and SIF obtained from the finite element simu-
lations, Z is a normalizing constant and q is the vector of hyper-
parameters (HPs). The mean and variance of the distribution are
obtained as,

mK ¼ 4T
testF

�1
trainðKÞtrains2K ¼ f� 4T

testF
�1
train4test (4b)

where the subscripts train and test represent the training and test
data, respectively. The training data is obtained from the finite
element simulations, and the test data are the points on the grid at
which the SIF is not known, and f; F; 4 are the partitioned com-
ponents of the kernel matrix given by,
f ¼ kðXtest ;XtestÞ ; 4i ¼ kðXtest ;XiÞi¼train ; Fi;j

¼ k
�
Xi;Xj

�
i;j¼train (4c)

and k is the kernel function. In this study, squared exponential
kernel function (Equation (4d)) has been used as it is capable of
modeling complex nonlinear and smooth surfaces.

k
�
xi; xj

� ¼ q21exp

 �
xi � xj

�2
q22

!
(4d)

The accuracy of prediction depends on the kernel function
which depends on the HPs. The optimal HPs are determined by
minimizing the negative log marginal likelihood (L) given by,

L ¼ �1
2
log detFtest � 1

2
ðKÞTtrainF�1

trainðKÞtrain �
Ntrain

2
log2p (5)

and Ntrain denotes the number of input-output pairs. Once the
mapping is created using the above procedure, the value of SIF can
be computed for any given point in the grid corresponding to the
experimentally obtained crack length and load. The crack growth
rate at a given instant of time can be written as:

f
��

da
dN

�
N
jD;KN�DN

�
xi; xj

�
; xN ; q

�

¼ 1
Z
exp

0B@�

��
da
dN

�
N
� mðdadNÞN

�2
2s2

1CA; (6)

where D is the training set consisting of crack length and SIF values
(obtained using Equations (4)e(6)).
3.2. Integration of prognosis with resistance based crack data

The resistance based measurement model is now coupled with
the fully probabilistic prognosis model in a sequential Bayesian
framework to iteratively predict the crack length under fatigue
loading. Particle filtering is used to sequentially track the crack
length as a function of cycles by combining the likelihood of the
measurement model with the posterior obtained from the prog-
nosis model [40,41]. In this methodology, the distribution of the
crack length at any given instance is predicted using a prognosis
model, and the distribution is then updated using the measure-
ment values in a sequential Bayesian framework. The distribution
of the predicted crack length at NþDN cycles, using the prognosis
model, can be expressed as follows.

pðaNþDNÞ ¼ pðaNÞ þ
1
Z
exp

264�

��
da
dN

�
N
� mðdadNÞN

�2
2s2

375*DN (7)

Together, Equations (4)e(7) define the Markovian state dy-
namics model for tracking the crack length with particle filter:

aNþDNjaN � pðaNþDN jaNÞ (8)

The measurement model relating the resistance change of the
BP to the crack length is given by:

aNþDNjRNþDN � pðaNþDNjRNþDNÞ (9)

Given the probabilistic state dynamics model and the mea-
surement model, and the resistance values obtained from BP
sensing, the crack length can be optimally estimated in a sequential



Fig. 3. Piezoresistive response of SGFRP under cyclic loading.

Table 2
Single-edge notched baseline-GFRPs and SGFRPs tested under fatigue loading.

Specimen ID Fatigue life (cycles) Average Crack growth rate (mm/cycle)

SGFRP 1 28,620 5.58� 10�4

SGFRP 2 16,780 4.83� 10�4

SGFRP 3 19,560 5.97� 10�4

SGFRP 4 16,200 4.98� 10�4

SGFRP 5 18,345 5.56� 10�4

SGFRP 6 23,655 5.28� 10�4

Baseline-GFRP 1 13,840 1.02� 10�3

Baseline-GFRP 2 9050 1.61� 10�3

Baseline-GFRP 3 11,240 1.42� 10�3

Baseline-GFRP 4 8425 1.98� 10�3

Baseline-GFRP 5 8890 1.45� 10�3

Baseline-GFRP 6 10,460 1.67� 10�3
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Bayesian framework using particle filter. The posterior distribution
of the crack length is iteratively computed as,

pðaN jR1:NÞfpðRNjaNÞ
Z

pðaNjaN�DNÞpðaN�DNjR1:N�DNÞdðaN�DNÞ
(10)

where p(.|.) is the conditional probability distribution. The poste-
rior probability distribution is approximated using particles and
weights as

pðaN jRNÞ ¼
XU
k¼1

wðkÞ
N dðaN � aNÞ; (11)

where U is the number of particles and d (.) is the Dirac Delta
function. Bootstrap particle filtering scheme is employed in which
the particles are sampled and updated using the measurement
likelihood at each time step [42]. To avoid degeneracy of the
weights, resampling is performed at each time step and theweights
are normalized such that they sum to one. The crack length is then
computed as the expected value of the posterior as,�cds�

t
¼ E

h
ðdsÞt

���ðdsÞt;measured

i
z
XM
k¼1

wðkÞ
t ðdsÞðkÞt : (12)

4. Results and discussion

In this section, first the real-time strain sensing results obtained
using piezoresistive readings are discussed. Following the strain
sensing results, the fatigue crack propagation behavior of SGFRPs
and baseline-GFRPs is presented. Finally, the results for in-situ fa-
tigue crack length quantification using the measurement model are
provided and the crack growth predictions obtained from the
prognosis approach are discussed in detail.
Table 1
Sensitivity/Gauge factor during different loading cycles, when SGFRP subjected to
cyclic loading.

Cycle GF-ascending GF-descending

1 9.34 5.08
2 5.76 4.01
3 5.81 4.34
4 5.50 4.21
5 5.52 4.17
6 5.49 4.10
4.1. Strain sensing

The SGFRP specimens showed stable and repeatable piezor-
esistive response under cyclic loading. The resistance change with
cyclic strain for a representative specimen is shown in Fig. 3. The
piezoresistive response shows negligible phase lag with strain,
indicating strong adhesion and minimal slippage at the glass fiber/
BP interface. The gauge factor was found to be higher for the first
loading cycle (9.34 for ascending and 5.08 for descending) as
compared to the subsequent loading cycles, retaining a stable
sensitivity over the next five cycles with an average value of 5.62 for
ascending and 4.17 for descending segments of the cycles. The
sensitivity values for each cycle for the representative specimen are
presented in Table 1. Higher sensitivity in the first cycle can be
attributed to additional interactions at the BP/glass-fiber interface.
The effect of this extra interaction diminishes after the first cycle as
polymer relaxation takes place, and the sensitivity reduces to a
stable value. The sensitivity values are significantly higher than
those obtained using commercially available conventional strain
gauges as well several CNT based composite sensors reported in
literature [27,43e45]. The higher sensitivity is a promising feature,
allowing very low strains to be detected with a measurable resis-
tance change. Delamination was observed at the BP/glass-fiber
interface of the composite after 80,000 cycles indicating end of
functional life of the embedded sensor. The fatigue tests were
terminated after 200,000 cycles and complete failure of the spec-
imen was not observed. However, consistent load drop after
100,000 cycles could be an indicative of cyclic softening in the
polymer matrix.
Fig. 4. Fatigue crack propagation in: (a) SGFRP specimen; (b) baseline-GFRP specimen.



Fig. 5. Normalized resistance trends with fatigue crack extension. Fig. 7. Finite element model of the single edge notch SGFRP specimen.
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4.2. Fatigue crack propagation

Single-edge notched specimens of baseline-GFRP and SGFRP
tested under fatigue loading are summarized in Table 2. Series of
images obtained for the SGRFP specimens at progressive stages of
the fatigue test are presented in Fig. 4a, where the trend in crack
propagation is representative of six specimens tested under the
same fatigue loading. The average crack growth rate from six
specimens was found to be 5.36� 10�4 mm/cycle over the stable
crack propagation regime (between crack initiation and fast frac-
ture regime). In comparison, the average crack growth rate in
baseline-GFRP specimens after crack initiation was found to be
1.53� 10�3 mm/cycle, which is significantly higher than SGFRPs.
The significant reduction in the fatigue crack growth rate due to the
introduction of BP in the interlaminar region of the GFRP laminates
can be explained as follows. The presence of the randomly oriented
and densely entangled microstructure of the embedded BP results
in a highly torturous crack path leading to retardation in the fatigue
crack growth rate and even crack arrest at various instances during
crack propagation. As shown in Fig. 4a, the crack path in SGFRPs
was highly torturous and crack tip blunting is observed at various
stages of the fatigue test. From Fig. 4a it can be observed that during
crack propagation from 15,000 to 21,500 fatigue cycles, the crack
tip becomes blunt without noticeable increase in crack length.
Fig. 4b shows fatigue crack propagation trend in one of the
baseline-GFRP specimens where a relatively sharp and defined
crack tip can be observed and the trend is representative of six
baseline-GFRP specimens tested under the same fatigue loading.
Fig. 6. Actual crack lengths and sensed crack lengths as a function of fatigue cycles for
3 specimens.
This observation points to an additional crack deceleration type
attribute of the SGFRP.

4.3. Damage quantification

The experimentally obtained values of electrical resistance at
different crack lengths, normalized with respect to the maximum
resistance from themeasurementmodel, are presented in Fig. 5 as a
function of instantaneous crack lengths for three specimens. The
resistance trends as a function of crack length were found to be in
close agreement with themeasurementmodel presented in section
2.4 (Eq. (2)). The resistance readings were successfully obtained
during the fatigue crack growth prior to the occurrence of fast
fracture. Fig. 6 shows good agreement between the crack lengths
quantified in SGFRPs using the in-situ electrical resistance mea-
surements and those obtained using the high-resolution camera.

4.4. Damage prognosis

As mentioned earlier, the prognosis model fuses analysis results
with machine learning models. The primary physics based
parameter for the fatigue crack propagation is the SIF, for which
closed form solutions are not available, especially for composites.
Therefore, finite element analysis (FEA) was used to evaluate the SIF
[46]. Values of SIF were obtained by performing 50 FEA simulations
Fig. 8. SIF mapping as a function of crack length and load.



(a) Crack growth rate (b) Crack length

Fig. 9. Crack length predictions for sample 3.
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on the single edge notch SGFRP with different combinations of
loads (20e100MPa) and crack lengths (1e10mm). The FEAmesh of
the single edge notch SGFRP specimen was spatially discretized in
the commercially available FE package Abaqus CAE using 15,738
linear hexahedral elements (Type C3D8R) and is shown in Fig. 7.
Perfect bondingwas assumed between the BP and glass fiber layers.
Displacement boundary conditions were applied at the bottom
nodes to restrict motion in the x, y and z directions and on the top
nodes to restrict motion in the x and z directions, as shown in Fig. 7.
Surface traction was applied at the top surface to simulate the
applied tensile loading. For the FEA simulations, material proper-
ties used for glass fiber/epoxy layers and BP/epoxy layer were
experimentally obtained from quasistatic tensile tests.

In order to obtain the SIF value for any given load and crack
length obtained during the experiment, a mapping was created
using GP using Equations (3)e(5) and is shown in Fig. 8. A total of
50 simulations were performed with load varying from 0 to
100MPa with increments of 20MPa and the crack length varying
from 0 to 10mmwith increments of 2mm. The GP model was used
to create a mapping (fit a surface) to these points. From this map-
ping, the SIF can be evaluated for any given pair of load and crack
length values. A coefficient of determination of 0.9914was obtained
for the mapping which indicates a highly accurate fit. The contour
shows that the relationship between the load, crack length and SIF
is highly nonlinear and therefore, simple regression models cannot
be used to model the relationship.

The crack length was predicted using the integrated prognosis
model described in Section 3. Fig. 9 shows the predictions of crack
growth rate and crack length as a function of cycles starting at the
3rd data point (measurement) for sample 3. The results indicate
(a) Crack growth rate

Fig. 10. Crack length pred
that the crack length is predicted accurately within the 95% confi-
dence intervals.

Next, the algorithm was used to make predictions for sample 1.
Fig.10 shows the crack growth rate and crack length as a function of
the number of cycles. The crack growth rate plot indicates a sig-
nificant amount of crack retardation and acceleration due to the
presence of the BP. Fig. 10b show that the proposed approach is
capable of capturing these effects and predicting the crack length
with a high level of accuracy.

5. Conclusions

BPs fabricated using MWCNTs were embedded in GFRPs to
successfully induce self-sensing capabilities and improved fatigue
resistance in GFRP laminates. The results for SGFRPs tested under
cyclic tensile loading showed high sensitivity to strain over a sig-
nificant strain range. An in-situmeasurementmodel was developed
to quantify the damage evolution with change in electrical resis-
tance; close correlation was observed with experimentally ob-
tained fatigue crack data. A comparison of fatigue crack
propagation trends conducted on the test specimens at various
stages of fatigue showed a significantly lower crack growth rate for
the specimens with embedded BP. These results point to the
multifunctional nature of the BP embedded composites.

An integrated approach for predicting real-time crack propa-
gation was developed by combining the BP based measurement
model with a machine learning based prognosis model in a
sequential Bayesian framework. SIF was used as the physics based
parameter for crack growth. The results indicate that the proposed
methodology is capable of accurately predicting the crack length in
(b) Crack length

ictions for sample 1.
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real-time while accommodating for crack retardation.
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