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Abstract

This study describes a control system designed for real-time monitoring of damage
in materials that employs methods and models that account for uncertainties in exper-
imental data and parameters in continuum damage mechanics models. The methodol-
ogy involves (1) developing an experimental set-up for direct and indirect measurements
of damage in materials; (2) modeling damage mechanics based constitutive equations
for continuum models; and (3) implementation of a Bayesian framework for statistical
calibration of model with quantification of uncertainties. To provide information for
real-time monitoring of damage, indirect measurement of damage is made feasible using
an embedded carbon nanotube (CNT) network to perform as sensor for detecting the
local damage. A software infrastructure is developed and implemented in order to inte-
grate the various constituents, such as finite element approximation of the continuum
damage models, generated experimental data, and Bayesian-based methods for model
calibration and validation. The outcomes of the statistical calibration and dynamic
validation of damage models are presented. The experimental program designed to
provide observational data is discussed.
Keywords: A. Nanotube; C. Damage mechanics; C. Finite element analysis (FEA);
C: Bayesian analysis; D. Damage detection.

1 Introduction

The use of computational models that interact dynamically with systems that deliver obser-
vational data, so as to predict the behavior of physical systems has been the central strategy
of many technologies, ranging from weather and climate prediction to so-called smart ma-
terials. A higher-level version of such system executes controls that are designed to change
the behavior of the system in near real time to react to changes in data. The success of
such dynamic data-driven systems strongly depends upon the validation of the models, the
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calibration, and how well uncertainties in data, model parameters, and quantities of interests
(e.g. control variables) are quantified.

In the early days of damage monitoring, the focus was on nondestructive evaluation
using inspection techniques such as visual observations (e.g. [21, 6]), ultrasonic waves or
x-rays (e.g. [1]), infrared thermography (e.g. [26, 10, 20]), electrical resistance measurement
(e.g. [40, 32]) and other methods to reveal the damage state. These techniques are used
during periodic interruptions of service of the structure. Recent advances have altered this
methodology to embed sensors or sensor arrays into the structure and perform continuous
acquisition of data that are interpreted in terms of evolving damage. This is called structural
health monitoring [23, 25].

In the present investigations, we describe a new system of this type, designed to monitor
material damage as a prelude to structural failure which is embedded in emerging method-
ologies of model validations, Bayesian inferences, model selections, experimental mechanics,
and computational mechanics. The system involves the identification of classes of paramet-
ric phenomenological models of material damage, dynamic (quasi-static) acquisition of data
from a special methodology for detecting and monitoring damage, dynamic updating using
a nonlinear version of Kalman filtering, all implemented in a Bayesian statistical framework.
The ability to adopt the specific form of the damage model based on Bayesian model plausi-
bilities is also included as part of the system; the general structures of the approach are laid
out here. The details on computational algorithms are described in a companion paper [24].

Here, finite element models of material damage theories of the type used in contemporary
fatigue analysis, fracture mechanics, and structural mechanics are employed. These typically
involve material parameters that exhibit uncertainties and calculation of model plausibilities
must enter as a key part of the prediction scheme. On the experimental side, an experimental
program for monitoring damage is set up which itself can involve uncertainties due to the
experimental issues. A network of Carbon Nano-Tubes (CNT) embedded in the matrix
of the composite is used to detect damage. Local damage in the form of micro-cracks is
signaled by local changes in the electric field and is manifested as a change in the effective
resistivity of the material. Correlation of this change to damage is explored through direct
measurements of the strain field as well as the resistivity. Thus, this system itself must also
be calibrated and validated, and the inherent uncertainties in data must be factored into a
statistical analysis for the validation of the full system.

In the present study, uniaxial tensile experiments are conducted on specimens of com-
posite materials. The information for real-time monitoring of damage, is provided through
indirect measurements of damage using the sensors enabled through embedded carbon nan-
otube CNT network detecting the local damage. However, the data corresponding to the
continuum damage mechanics model parameters and to the experimental measurements
are generally incomplete, unknown, and/or contains uncertainties. Such deficiencies are
addressed through a predictive computational modeling framework. A statistical calibra-
tion is conducted in which probability densities of random model parameters and modeling
errors in the theoretical structure are estimated using low-level measurement data. Particu-
larly, Bayesian approaches, based on contemporary treatments of statistical inverse analysis
[2, 3, 13, 29, 41] are employed. One advantage of such general approach is that it provides
an all-inclusive framework for identifying the essential features of a predictive model as well
as providing means to characterize uncertainty. The main feature is that the theoretical
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model, model parameters, and experimental observations are not deterministic. Assigning
random variables or processes characterized by probability density functions (PDF’s) to the
aforementioned variables, transforms the model into a stochastic problem. In addition, a
software infrastructure is developed [24] and implemented in order to integrate experimental
data with the finite element solution of the continuum damage mechanics model in order to
calibrate the model based on the Bayesian statistical inverse methods.

2 Continuum Damage Mechanics

A material under loading is regarded as damaged relative to some initial state when it
experiences a loss of stiffness due to the emergence of microscale defects (e.g. micro-cracks,
micro-voids). Kachanov[12] has pioneered the concept of continuum damage mechanics,
where he introduced a scalar measure characterizing the density of the micro-defects in the
material. More general models of anisotropic damage were introduced by Chaboche[4, 5],
Murakami and Ohno [22], and Krajcinovic and Foneska [16], in which the damage variable
can be tensorial. The theory of continuum damage mechanics is extended later for ductile
materials and composites, in which the damage variable (scalar or tensor) replicates the
different types of degradation at the micro-scale level, such as nucleation and growth of voids,
cracks, cavities, micro-cracks, and other microscopic defects [34, 7, 33, 17]. Moreover, the
concept of fabric tensors introduced by Kanatani [14] to describe microstructural anisotropy,
is applied to crack distribution and damage mechanics [19, 36]. This approach has been
shown to be important in accounting for the qualitative and quantitative effects of defects
on the stiffness of fiber-reinforced composite materials [36, 37, 39, 38, 35]. Here we restrict
ourselves to isotropic damage, which consists of cracks and cavities with an orientation
distributed uniformly in all directions. In this case, the damage variable does not depend on
the orientation and the damaged state is completely characterized by the scalar D; in this
case, where D = 0 characterizes the virgin (undamaged) state, while D = 1 characterizes
the initiation of a macro-crack and complete rupture. In fact, fracture or complete rupture
mostly occurs when D = Dc 6 1, where Dc is the critical damage density, which is a material
property. The parameter Dc is usually taken between 0.2 and 0.8 for engineering materials
(see the references in Lemâıtre and Chaboche [18]).

Often, plastic deformation has a major influence on the damage evolution and conversely.
The distinction between the two physical phenomena is well-known and is demonstrated in
Figure 1, which shows the stress-strain responses of a bar of uniform cross section subjected
to an uniaxial loading-unloading history. In this figure, E the initial elastic modulus is con-
stant and Ē represents the effective elastic modulus that varies with the evolution of damage
(i.e. Ē = E for no damage case). Although the damage process is a thermodynamically
irreversible deformation, it is generally assumed that the deformation due to damage itself
can be completely recovered upon unloading. Thus, the recoverable part of the strain, εe,
is attributed to crack closure upon unloading and only causes degradation in the material
stiffness, while the unrecoverable part, εp, is attributed to plasticity that causes perma-
nent deformation. A general framework for modeling the coupled elasto-plastic and damage
material behavior is outlined in this section.
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Figure 1: Idealized 1D stress–strain relation showing loss in stiffness due to material damage
and permanent plastic strain after unloading. Different types of energy are recognized in this
figure for the area under the stress - strain curve: (1) stored energy due to plastic hardening;
(2) dissipated energy as heat by plastic work; (3) stored energy due to damage hardening;
(4) dissipated energy as heat during the formation of the damage.

2.1 Basic Equations

We begin by selecting a class of parametric models of the quasi-static behavior of structural
materials which embodies isotropic damage and strain-hardening plasticity emanating from
a linearly-elastic isotropic material. The governing equations, which are assumed to be posed
on a bounded domain Ω ⊂ R3 with smooth boundary ∂Ω are

∇.σ(x, t) + f(x) = 0, ∀ x ∈ Ω and t > 0, (1)

and

σ(x, t) = σ(x, t)T , ∀ x ∈ Ω and t > 0, (2)

along with the traction condition,

g(x, t) = σ(x, t)n, ∀ x ∈ Γσ, (3)

where σ(x, t) is the Cauchy stress at point x on Ω at time t, f(x) is body force acting within
Ω, g(x, t) are prescribed tractions on surface Γσ ⊂ ∂Ω, and n denotes the outward unit
normal to ∂Ω.

Considering the additive decomposition of strain tensor1,

ε =
1

2

(
∇u + (∇u)T

)
, (4)

into elastic, εe, and plastic, εp, along with the loss of elastic stiffness due to material damage,
the reduced stress tensor and the effective elastic energy density can be expressed respectively
as,

1where ∇u is the displacement gradient
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σ = (1−D) C (ε− εp), (5)

and

Y = (ε− εp) : C(ε− εp), (6)

where C is the fourth-order elasticity tensor, ε is the strain tensor, and εp is the plastic strain
tensor.

Following standard arguments, a weak or variational form of the elasto-plasto-damage
model can then be constructed as follow:
Find u(t) ∈ V , t ∈ [0, T ) such that∫

Ω

(1−D) C (ε− εp) : ∇v dx =

∫
Ω

f . v dx +

∫
Γσ

g . v ds, ∀ v ∈ V (7)

for an appropriate space of test functions, v,

V = {v(x) | v(x) ∈ H1(Ω) ; v(x) = 0, ∀ x ∈ Γu}, (8)

where H1 is the Sobolev space of functions with first-order generalized derivatives in L2(Ω).

2.2 Constitutive Relations

Here the Mises-Hill flow rule is taken into account for the constitutive description of plastic
flow. Therefore the form for the non-negative and convex rate of dissipation is postulated
as,

D = Y(p) |ε̇p|+ ω(D) Ḋ, (9)

where Y is flow resistance which is a function of the accumulated plastic strain (p = |εp|)
and ω represents the threshold of damage which is a function of the damage variable D.

Making use of co-directionality hypothesis,

Np =
τ

|τ | =
ε̇p

|ε̇p| , (10)

where the flow direction is denoted by Np and deviatoric part of stress is denoted by τ =
(σ − 1

3
(trσ)I), the boundedness inequalities for plasticity and damage can be written as,

|τ | ≤ Y(p), (11)

Y ≤ ω(D). (12)

The functional form of the flow resistance is given by summation of a constant and strictly
positive yield stress, σY , and isotropic hardening, R, which is a function of accumulated
plastic strain:
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Y(p) = σY +R(p). (13)

For isotropic hardening a simple power law including two material parameters, B and m,
is considered here ,

R(p) = Bpm. (14)

Several evolution equations exist in the literature for damage that provide different func-
tions ω for predicting the material failure. Krajcinovic and Foneska [16] postulated the
following power law for the damage evolution in brittle materials,

Ḋ = (s+ 1)
εs

ε
(s+1)
R

ε̇, (15)

where s is a material constant and εR can be interpreted as the final strain at rupture. Such
evolution equation results in the following damage threshold, which is referred to as the
Krajcinovic Damage Model throughout this paper:

ω(D) =
1

2
Eε2RD

( 2
s+1). (16)

2.3 Finite Element Approximation

Introducing the constitutive relationships into the momentum equation (1), over the time
interval 0 = t0 < t1 < · · · < t(k) < t(k+1) < . . . , leads to the following governing equations
(in the absence of body forces),

∇.σ(k+1) = 0 ∀ x ∈ Ω,
u(k+1) = u0(x, t(k+1)) ∀ x ∈ Γu,
σ(k+1)n = g0(x, t(k+1)) ∀ x ∈ Γσ,

 , (17)

where stress and displacement at point x ∈ Ω and at time t(k+1) are denoted by σ(k+1)(=
σ(x, t(k+1))) and u(k+1)(= u(x, t(k+1))). Therefore from (7), one can arrive at the incremental
equation∫

Ω

(1−D(k+1)) C (ε(k+1) − εp (k+1)) : ∇v dx =

∫
Γσ

g0(x, t(k+1)) . v ds, ∀ v ∈ V . (18)

Finite element approximation of (18) is constructed following standard procedure. In the
above relations, the unknowns are the displacement u, the plastic strain εp, and the damage
variable D.

The stress state evaluation is achieved by discretizing the evolution equations of the stress
and damage. Under quasi-static loading, one will work with increments, e.g. ∆ε, as opposed
to an unsteady discretization in time. Thus, given a displacement increment u̇ ≈ ∆u =
u(k+1) − u(k), one can compute the corresponding strain increment ε̇ ≈ ∆ε = ε(k+1) − ε(k).
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Therefore, the integration scheme can be written as follows,

ε(k+1) = ε(k) + ∆ε(k+1),

σ(k+1) = (1−D(k+1)) C (ε(k+1) − εp (k+1)),

Y (k+1) = 1
2
(ε(k+1) − εp (k+1)) : C (ε(k+1) − εp (k+1)),

εp (k+1) = εp (k+1) + ∆εp (k+1),

p(k+1) = p(k) + ∆p(k+1),

D(k+1) = D(k) + ∆D(k+1),

(19)

together with the consistency conditions

|τ (k+1)| − σY −R(p(k+1)) ≤ 0,

Y (k+1) − ω(D(k+1)) ≤ 0.
(20)

To insure the aforementioned consistency conditions, an implicit Backward Euler method
is utilized for both plasticity and damage. The increment in accumulated plastic strain and
the value of the damage variable in the Newton iterative procedure is obtained by solving
the following algebraic system of equations:[

δp(k+1)

∆D(k+1)

]
= −[K(k+1)]−1

[
r

(k+1)
P

r
(k+1)
D

]
, (21)

where δp is the increment on accumulated plastic strain. The residual setting using the
consistency conditions can be obtained as follows,

r
(k+1)
P = |τ (k+1)| − σY −R(p(k+1)), (22)

r
(k+1)
D = −D(k+1) +D(k) +

∆Y dis(k+1)

ω′ (D(k+1))
, (23)

where ω′ = ∂ω
∂D

and the Jacobian matrix can be defined such as:

[K(k+1)] =

∂r(k+1)
P /∂∆p(k+1) ∂r

(k+1)
P /∂D(k+1)

∂r
(k+1)
D /∂∆p(k+1) ∂r

(k+1)
D /∂D(k+1)

 . (24)

3 Experiments

Our experimental program has two basic components. The first involves uniaxial tensile
experiments with different load levels for measuring strain variation over the length of the
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specimens. This is used to generate distributed damage in different parts of the specimen.
These experiments are used for calibrating the continuum damage models. A second group
of experiments are also performed with quasi-static loads for measuring electric potential
variation along the length of the specimen, and for dynamically measuring damage in real-
time using changes in electrical conductivity. The latter step requires relating changes in
electrical conductivity to damage through a set of calibration experiments.

The process of formulating a conducting epoxy is quite complex. For this study, a
commercially available solution was pursued. First, a bisphenol-A mixed with 2% by weight
of CNT that was dispersed uniformly within the resin was obtained from Molecular Rebar of
Austin, TX; this material had a well dispersed structure resulting in a rather high resistivity
and could not be used to determine variations in resistivity with strain or damage. Then a
second option was considered: Nanocyl S.A., produces a carbon nanotube enriched epoxy
called Epocyl. The formulation used in this study is designated as Epocyl NC E128-02
and is composed of 80 wt% Epoxy resin (Bisphenol-A-epichlorhydrin) and 20 wt% Carbon
nanotubes. The raw product has the texture of a paste due to the high concentration of
carbon nanotubes, unlike a commercial resin.

The mixing process begins by selecting the ratio of Epocyl to Bisphenol-A for the desired
conductivity and calculating the amount of epoxy mixture needed to fill the mold. Once
these values are obtained, the required amount of Epocyl is taken and heated to soften the
material so it can be mixed easily. The appropriate amount of Bisphenol-A is added and
the mixture is repeatedly stirred and heated to obtain an evenly distributed product. Once
well mixed, the product is placed under vacuum to evacuate the air bubbles introduced
during stirring. The hardener is then added in a 1:5 ratio with the bulk Epocyl/Bisphenol-A
mixture and stirred slowly to avoid additional air bubbles. The working time of the mixture
once the hardener has been introduced is quite short, about 5 minutes, before the mixture
becomes very viscous and can no longer be poured. The final mixture (carbon nanotube
epoxy resin) is then slowly poured into the mold and left to cure for about 8 hours.

The plate is then cut into 0.6 inch strips; the rough edges of the strips are machined away
using an endmill (3/8 inch) that brings the width of each strip down to 0.5 inch. Subsurface
defects such as interior cracks, air bubbles, and unmixed epoxy regions are avoided during
the machining process. To electrically insulate the sample from the metallic grips of the
Instron testing machine, nonconductive plastic end tabs are attached to both ends of the
specimen.

Uniaxial tensile loading experiments, interspersed with loading-unloading cycles, are per-
formed on rectangular strip specimens. The global response of the specimen is characterized
easily by measuring the force and extension. The spatial variation in the strain field (re-
sulting from local perturbations in material state and properties) is measured at each load
increment using digital image correlation [27]. In this method of strain measurement, the
specimen is decorated by spray-painting a fine speckle pattern; this speckle pattern is imaged
at high spatial resolution at each load increment. By comparing the speckle pattern in the
initial and deformed specimen through a cross-correlation procedure, the displacement of
each point within the specimen is identified, and the strain is then calculated. This method
is very powerful and is used to determine strains over the entire surface of the specimen2.

2The ARAMIS digital image correlation system supplied by Gom, Germany is used to perform these
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In parallel with this experiment, the change in resistivity along the specimen length
is monitored using a Keithly Model 6517 Electrometer. Such variations in resistivity are
postulated to be the result of the changes in the microstructure due to breaking of the CNTs
embedded inside the polymer matrix by the formation of matrix cracks. These resistivity
measurements can be performed at a local level. The strategy is to consider the specimen as
a resistor network, with varying resistances along the length; as the material damages, the
resistivity is expected to increase, although there are contradictory reports in the literature
[30, 31, 11]. Figure 2 shows the electrical measurement set up. As in the mechanical part, the
specimen is considered to have inhomogeneities and therefore fluctuations in the resistance.
The specimen is taken to be made of the same N segments of equal length li = L/N, i =
1, 2, . . . , N3. Each segment may have different initial concentrations and distributions of
CNTs and therefore the initial resistance can be written as:

R = (R1, R2, . . . , RN). (25)

As illustrated in Figure 2(b) , the specimen can be viewed as a series-resistor network,
through which the same current flows from a constant current source (with a voltage in the
range 0-40 V). Therefore, by measuring the voltage drop over each region as well as the
known current, one is able to calculate the resistivity changes in each segment.

The relationship between the changes in the resistances R and the damage, D can be
obtained either through a calibration experiment or through a model of the CNT network.
It is expeditious to begin with an experimental calibration and develop the model after
identifying the underlying relationships more completely. As will be discussed in Section 5,
although the fluctuations in the electrical resistivity are observed in course of uniaxial testing,
two problems arise: first, the manufactured specimens do not show progressive damage, but
more importantly, the resistivity changes are not well-correlated to the strain or damage
field.

4 Model Calibration Under Uncertainties

A combination of the the continuum damage mechanics model (i.e. mathematical model)
and its finite element discretization of Section 2 that provides the approximate solution of the
damage model, results in a parametric class of computational models indexed by parameters
vector θ ∈ Rnθ , for some fixed positive integer nθ > 0, for each model in a set of models at our
disposal (For the special case of using Krajcinovic Damage Model nθ = 3 and θ = (E, s, εR)).
This model is used in both forward and inverse problems.

In the case of an inverse problem, one needs to estimate the values of the model param-
eters θ that cause computational model to best fit the given experimental data d. In the
case of a forward problem, the parameters θ are given and one then needs to compute (i.e.
predict) the quantity of interest.

However, many uncertainties are involved in the process of assessing the predictability of
mathematical and computational models of the physical event:

measurements.
3In this experiment N = 5 is considered, which results in li of around 25 mm.
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Figure 2: Typical electrical measurement set ups: (a) specimen with connected wires; (b)
Schematic representation of showing the discretization of the specimen geometry,in order to
determine conductivity/resistivity profile.

• the data is measured only at a small number of sample points of the system,

• the measured data has noise,

• the continuum damage mechanic models only approximates physical reality, and

• the computational model that maps the spatial distribution of resistivity to the spatial
distribution of damage is also an imperfect characterization of reality.

The ingredients of the statistical calibrations problem are the data d(t) supplied by the
experimental program at time t, the model parameters θ for each choice of a model, the map
of model parameters into observations, y(θ(t)) = d(t)+ν(t), with ν(t) being the experimen-
tal noise (assumed here to be normal distribution of zero mean and Σ2 variance, N (0,Σ2I)),
and prior information on parameters embedded in a probability density πprior(θ(t)). The
Bayesian update at time tk is

πpost(θ(tk)|d(tk)) =
πlike(d(tk)|θ(tk)) · πprior(θ(tk))

πdata(d(tk))
, (26)

where πlike(d|θ) is the likelihood probability density and πdata(d) is the marginal density

πdata(d) =

∫
πlike(d|θ) · πprior(θ) dθ. (27)
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The step-by-step implementation of (26) over set of time interval [tk−1, tk], with the
nonlinear likelihood calculated through a Newton algorithm, constitutes an extended Kalman
filter, described in [24], and manages the entire statistical calibration of the system and real-
time monitoring of damage using evolving data on damage.

5 Experimental Observations

The results of the experimental observations are reported in the following two sections. First,
an evaluation of the variation of the resistivity with strain is explored. This is followed
by experimental measurements of the distribution of strains in the specimen subjected to
monotonic and cyclic loading.

5.1 Characterization of the Variation of Electrical Resistivity with
Strain in CNT-Epoxy Specimens

The Epocyl composites with carbon nanotubes were evaluated for their resistivity properties
using the experimental arrangement suggested in Section 3. As indicated earlier, there are
conflicting reports on the effect of strain on resistivity and therefore, this work embarked
on an experimental characterization of the response through uniaxial tests under creep,
relaxation and cyclic loading conditions. The figures below show the corresponding results.
In the relaxation experiment, the specimen is subjected to a nominal strain of 0.4%, and
held fixed; the time variation of the load and the resistivity over the entire length of the
specimen are monitored. As shown in Figure 3, the nominal stress (the load normalized by
the cross-sectional area) decays from a little over 6 MPa to a little over 5 MPa in about
10,000 s. Corresponding to this, the resistivity – at constant strain – decays from about
4.45 × 106 Ω to about 4.35 × 106 Ω. The low frequency oscillations are the result of small
fluctuations in the room temperature.

In the creep experiment, the load on the specimen is maintained at 200 N, and the
extension of the specimen as well as the resistivity variation are monitored; as shown in
Figure 4, the extension of the specimen increases from about 0.5 mm to 0.55 mm over about
10,000 s. Corresponding to this, the specimen resistivity decreases from about 4.7 × 106

Ω to about 4.5 × 106 Ω. These two sets of experiments suggest that the resistance always
decreases, independently of whether the strain or stress is maintained constant. It is verified
that there was no such relaxation of the resistance in the absence of the applied stress or
strain, clearly indicating that the variation was driven by the imposed mechanical state. It
should be noted that the drop in resistance during a stress relaxation test was about half of
that observed during a creep test.

The response of the resistivity during ramp loading-unloading is shown in Figure 5. The
resistance measuring scheme was first energized for about 10 minutes in order to reach a
steady state, and then a ramp loading-unloading protocol was applied on the specimen, with
continuous resistance monitoring. The loading rate was maintained at 1N.s−1. As can be
seen from Figure 5, at this very slow loading rate, the resistance increases monotonically
and almost proportionally with the applied strain; however, upon strain reversal during
unloading, a significantly hysteretic response is observed.

11



(a) (b)

Figure 3: Experimental characterization of the electrical in uniaxial tests under relaxation:
(a) variation of stress with time; (b) variation of electrical resistance with time.

(a) (b)

Figure 4: Experimental characterization of the electrical in uniaxial tests under creep: (a)
variation of extension with time; (b) variation of electrical resistance with time.

One final set of measurements was performed by following the wiring diagram shown in
Figure 2. The resistance change in three different segments was measured as a function of
the applied strain. It was found that the initial resistance in the different regions of the
specimen was different due to fluctuation in the concentration of the CNT in the specimen;
additionally, the change in resistance with strain also varied with location.

Collectively, these observations suggest that the underlying mechanisms that dictate the
changes in resistance with position, strain and stress, as well as time-dependence are quite
complex and require a much more in-depth examination before the CNT infiltrated epoxies
can be used as diagnostic sensors. Perhaps this could be attempted in a future study.
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(a) (b)

Figure 5: Experimental characterization of the electrical in uniaxial tests under cyclic load-
ing: (a) variation of stress with time; (b) variation of electrical resistance with time.

5.2 Characterization of the Variation of Strain with Cyclic and
Monotonic Loading

A typical result from an experiment on CNT-Epoxy Specimens intended to calibrate the
damage model is shown in Figures 6–9. Figures 6(a) shows the overall elongation ∆k =∣∣u(t(k), xN)− u(t(k), x0)

∣∣ between the ends of the specimen; as indicated in the figure seven
loading-unloading cycles were applied, with progressively greater displacement in each cycle.
The specimen fractured (i.e. failed) in the last cycle. Figures 6(b) shows the corresponding
overall load on the specimen as measured by the load cell; this corresponds to the data
fexp(t(k)). The progression of damage in the specimen can be inferred by considering the
variation of the overall specimen displacement ∆k and load fexp(t(k)) as indicated in Figure
7; the nonlinearity experienced at strain levels greater than about 0.5% is an indication of
inelastic response of the material that can be correlated to plasticity and/or damage.

Figure 8(a) shows a photograph of the specimen with an overlay of a contour plot corre-
sponding to the local strain, ε at a particular step in the loading process when the average
strain in the specimen was about 1.4%. Figure 8(b) shows the variation along x, the hori-
zontal direction, of the strain at different times after beginning of the test (particularly at
oneset of each unloading). These data correspond to u(t(k),x), the measured displacement
variation along x at time (i.e. load increment) k. There are two key features that are evident;
first, while the average strain is about 1.4% in Figure 8(b), there is a background fluctuation
over the entire length that arises from the noise in the process of digital image correlation
used to evaluate the strains. Second, there are some hot-spots evident in Figure 8(b) where
the strains are quite a bit higher than the average strain; these fluctuations are well above
the noise in the measurements and correspond to points in the specimen where local de-
fects trigger damage accumulation. Eventually, one of these hot-spots triggers failure of the
specimen. This development of strain (or damage) accumulation is illustrated in Figure 9
where the spatial variation of strain in the specimen at t = 493 s is shown in Figure 9(a) and
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(a) (b)

Figure 6: Experimental results of the CNT-Epoxy specimen (applied displacement rate =
0.025mm.s−1): (a) displacement variation with time measured by DIC; (b) load variation
with time measured by the load cell.

Figure 7: Nominal stress-strain response of the CNT-Epoxy specimen.

the comparison between the time variation of the strain in the uniform segment is shown in
comparison to the strain in the hot-spot in Figure 9(b).

The measured displacement data u(t(k),x), and the corresponding measured force fexp(t(k))
for all time steps, constitutes the experimental data set d(t(k),x) =

{
u(t(k),x), fexp(t(k))

}
to

be used in calibration of the damage model. Based on the DIC resolution, the displacement
data is measured in a grid that consists of 91 evenly-spaced points along x (i.e. 0 ≤ i ≤ 90)
and 17 points along y. Moreover, the DIC system is set to image the specimen with the
rate of 1 image/second. Considering the total time of 500 s for conducting the test, the
displacement and force are capture at 500 time steps (i.e. 0 ≤ k ≤ 500).

14



(a) (b)

Figure 8: Experimental results of the CNT-Epoxy specimen: (a) spatial variation of major
strain in the specimen at t = 493 s; (b) the strain variation along x at different times (one
set of unloading).

(a) (b)

Figure 9: Experimental results of the CNT-Epoxy specimen: (a) Spatial variation of strain
at t = 493 s after beginning the test; (b) evolution of strain through time in the hot-spot
and in the uniform segment (points A and B as shown (a) respectively)

6 Statistical Model Calibration and Real-Time Moni-

toring of Damage

6.1 General consideration

In order to calibrate the model parameters statistically against the experimental data, the
finite element implementation of the Krajcinovic damage model (Section 2), the Bayesian
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framework for statistical inverse problems (Section 4), and the generated experimental data
on the nano-composite specimen (Section 5) are integrated into a software infrastructure.
The libMesh library [15] is used for a parallel, C++ finite element implementation of the
damage model. A one-dimentional finite element mesh is employed in the simulation of
the center line of the high spatial resolution images of Figure 8 with averaging the strain
measurements through the width of the specimen.

Here the initial knowledge regarding the Krajcinovic damage model parameters, θ =
(E, s, εR), is assumed to reflect the proper range of each parameter defined as a uniform
prior PDF. Therefore,

πprior(E) ∼ U (0.5e9, 0.5e10) , πprior(s) ∼ U (−1, 10) , πprior(εR) ∼ U (0.001, 1) , (28)

where U (B) is uniform distribution over a given set B.
The construction of the likelihood begins from the assumption that, if θ are prescribed,

the measurement d would be a random variable characterized by a PDF, π(d|θ). Therefore,
it is important to understand the source of its randomness (i.e. lack of information). The
sources of deviations are the measurement noise in the data and incompleteness (error) of
the computational model.

Here it is assumed that the error in data and model are characterized by a zero mean
Gaussian with unknown variances. Therefore, in addition to the (physical) parameters of
the damage model, there are two random variables, Σ2

load and Σ2
disp (unknown variances),

that can be interpreted as a measure of the overall discrepancy between the measured load
fexp(t(k)) and displacement uexp(t(k);x) and the corresponding quantities computed with the
damage models (fmodel(t

(k)) and umodel(t
(k);x)) (see [24] for more detailed information).

The corresponding likelihood model is then:

ln(πlike(d|θ)) =
1

2
ln(2π)−Nt ln(Σload)−NtNx ln(Σdispl) +

− 1

2

Nt∑
k=1

{[
fexp(t(k))− fmodel(E, s, εR; t(k))

Σload

]2

+

+
Nx∑
i=1

[
uexp(t(k),x)− umodel(E, s, εR; t(k),x)

Σdispl

]2
}
,

where according to the experiments:

• Nt = 4 = number of time steps used,

• Nx = 91 = number of “x” positions used,

• f(t) = applied load at instant “t”, and

• u(t,x) = displacement of the specimen at instant “t” and position “x”.
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The statistical inverse problem for calibrating the model parameters is conducted using
the QUESO 4 [9] software package. Algorithms in the QUESO library require the prescription
of a likelihood routine for statistical inverse problems.

6.2 Numerical Simulations and results

As indicated in Section 4, (26) provides the means to calibrate the damage model parameters
against conducted experimental data accounting for the uncertainty in data and model pa-
rameters as well as real time monitoring of the damage variable. In this regard, an additional
code (i.e. so called Top Application) is developed in this study that deals with the definition
of statistical inverse problems (parameter spaces, prior PDFs, likelihood functions, reference
data), as well as with the proper use of QUESO C++ classes in order to solve such statisti-
cal inverse problems through Bayesian formula. These application level routines provide the
bridge between the statistical algorithms in QUESO, continuum damage model library, and
conducted experimental data5.

As indicated previously, using the Bayesian calibration process, the training data con-
verts the initial knowledge about the parameters to a posterior density, revising out opinion
about the true values of the parameters. In the other word, the effect of the experimental
observation is to sharpen the posterior density, causing it to peak near the true values of
the parameters. Figure 10 shows the computed posterior marginal kernel density estimation
(KDE) of the parameters for Krajcinovic damage models as well as covariances Σload and
Σdisp. This figure shows that the measured data set d(t(k),x) =

{
u(t(k),x), fexp(t(k))

}
, trans-

forms the uniform prior PDF of (28) to the densities peaking around 2−3.5 GPa, 0−0.2, and
0.025, for E, s, and εR respectively. In this figure, the large width of the posterior marginal
KDE of the modulus of elasticity, E, indicates that this model parameter is less informed
by the training data (i.e. measurements). Also, the minimum uncertainty is observed about
the εR among the physical damage model parameters since it is sharply peaked at 0.025.
Moreover, the calculated and measured load has a low discrepancy than the one for the
displacement. This can be due to the larger noise introduced by DIC to measure the spatial
displacement.

In order to statistically evaluate how the scalar damage field develops with time through-
out a volume region of the material, the extended Kalman filter is applied on the damage
model. In the filtering approach, a model update happens in a real-time fashion. Thus,
the damage model is given the opportunity to relearn from newer collected data, and adjust
itself to the current provided information. In this regard, the material parameters of the
damage models are fixed with the Maximum a Posterior (MAP) Estimation6 values obtained
from the statistical calibration results (Figure 10) and filtering process is conducted on the

4Quantification of Uncertainty for Estimation, Simulation and Optimization (QUESO) is an in-house
package developed at the Institute for Computational Engineering and Science at the University of Texas at
Austin. It is a collection of C++ classes and algorithms to support model validation and the prediction of
quantities of interest with uncertainty quantification (UQ) included [9].

5In the current analyses, parallel computing is used in all computational steps. More specifically, Lonestar
computational platform at the Texas Advanced Computing Center (TACC [28]) is employed, where each
computational node contains 24 GB of memory and 12 processing cores of 2GHz each.

6MAP for θθθ is defined as θ̂θθ = arg max
θθθ

πpost(θθθ)
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Figure 10: Calibrated material parameters for Krajcinovic damage model. Posterior marginal
density estimation of (a) Elastic modulus; (b) parameter s; (c) parameter εR; (d) Σload; and
(e) Σdisp.

damage variable, θ = D in (26), throughout the finite element mesh.
Figures 11 and 12 show the results of filtering the damage variables in term of spatial and
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(a) (b)

Figure 11: Evolution of damage mean vector for Krajcinovic damage model with respect to
(a) time t(k); (b) position xi.

temporal variation of the damage mean vector and covariance matrix using the Krajcinovic
damage model and the experimental data. The accumulation of damage during loading
and unchanged value of the damage variable throughout the set of elastic unloading and
reloading can be observed from these figures. Moreover, the results presented in Figure 11
indicate that higher rate of damage growth (material degradation) at the initial stage of the
test in the position id 1. As indicated in Figure 9(a), this is the location of the observed hot
spot in the experiment leading to the material failure. Moreover the overall decrease in the
damage covariance matrix with respect to time shown in Figure 12 indicates the through
the Bayesian filtering, observing additional measurements increases the level of confidence
regarding the damage evolution. This is referred to as Bayesian learning, where learning
goes on as the data are collected [8]. Therefore the developed DDDAS infrastructure enables
one to forecast the failure in the system given the near “real” time data, so that one can be
informed for potential decisions to be taken about the system, and/or for potential control
actions to be taken.

7 Summary and Conclusions

The present study employ the mathematical models of material damage with the experi-
mental characterization of the degradation in nanocomposite materials with in a Bayesian
framework that allows the quantification and measurement of uncertainties in experimental
data, and model parameters. The physical problem under study is the behavior of thin
composite structural components such as are common in aircraft structures under loads that
can generate distributed damage. Uniaxial tensile experiments with different load levels
and including loading-unloading cycles are conducted on carbon nanotube infused epoxy
nanocomposites specimens. The global response of the specimen, in the sense of generating
distributed and progressive damage in different parts of the specimen, is initially charac-
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(a) (b)

Figure 12: Evolution of damage covariance matrix for Krajcinovic damage model with respect
to (a) time t(k); (b) position xi.

terized by the force and extension measurements. The spatial variation in the strain field
(resulting from local perturbations in material state and properties) over time is measured
using digital image correlation. In order to provide information for real-time monitoring of
damage, the direct and indirect measurement of damage and degradation is made possible
through an embedded CNT network in the matrix of the composite. The local damage in
the form of micro-cracks is manifested as a change in the effective resistivity of the mate-
rial. Therefore the damage and degradation in the material can be measured directly using
the strain field and indirectly through the fluctuation in the resistivity. However, a direct
correlation between the change in resistivity of the CNT composite and the damage evo-
lution could not be established; therefore, direct measurement of strain variation was used
as an indication of damage evolution. A general thermodynamically consistent framework
is presented for characterizing the damage and degradation in the material. The damage
evolution equitation suggested by Krajcinovic and Foneska [16] is taken into account in order
to conduct the statistical calibration of the continuum damage mechanics model against the
experimental data. Moreover, a Bayesian framework for calibration model with quantifica-
tion of uncertainties is described in this work. A software infrastructure is developed and
implemented in order to integrate the aforementioned constituents which incorporates: The
numerical algorithms for a finite element solution of the continuum damage models; Gener-
ated experimental data; and Algorithms for sampling as well as model calibration based on
Bayesian methods.

The results indicate that the Bayesian framework used in this study enables statistical
calibration of the computational models of physical phenomena (i.e. continuum damage
models) against experimental observations, along with quantifying the inherent uncertainties
in the data, the model parameters, and the numerical solution approach.
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