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Abstract

The application of externally bonded CFRP reinforcements has shown its effectiveness in reducing crack growth and extending
fatigue life of steel elements subjected to cyclic loadings. Failure usually occurs due to cohesive debonding within the adhesive
interface and therefore the interfacial behavior is crucial in guaranteeing the effectiveness of the bonded system. The adoption of
cohesive zone models represents a valid approach for the description of interfaces between two adherends (i.e. CFRP and steel
substrate), providing a useful tool for the analytical and numerical investigation of CFRP-to-steel bonded systems. An important
issue generally associated with the use of a cohesive model is the correct calibration of its parameters, necessary to guarantee a
reliable use of the model. Therefore, this work proposes a robust inverse analysis procedure to investigate the identifiability of the
parameters governing the fatigue behavior of an exponential cyclic cohesive zone model. Single-lap direct shear tests are considered
for the numerical investigation of the interfacial bond behavior. The input data chosen for the inverse algorithm are the axial strain
measurements in a discrete number of points along the bonded interface and the values of relative displacement between the two
adherends measured at peak and valley of each cycle at the specimen loaded end (i.e. the global slip). Virtual data perturbed by
different levels of noise are used and a meta-model reduction technique is adopted to reduce the computational cost of the forward
operator and to solve the inverse problem in a stochastic context through a Monte Carlo like procedure.
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1. Introduction

Cyclic loading is an important issue relevant to many engineering applications and regarding both the design of
new structural components and the strengthening of existing ones (Schijve (2003)). In the last decades, composite
materials have been recognized as an effective and alternative solution for the strengthening and retrofitting of existing
civil structures. In particular, the application of externally bonded (EB) reinforcement with specific epoxy-based
adhesives showed its effectiveness in reducing cyclic crack growth and extending fatigue life (Borrie et al. (2021);
Wang et al. (2019)). Failure usually occurs due to cohesive debonding within the adhesive layer and, therefore, the
interfacial behavior is crucial in guaranteeing the effectiveness of the bonded system and represents one of the main
issues for the design of such applications. The adoption of cyclic cohesive zone models (CCZM) represents a valid
solution for the description of interfaces between two adherends, providing a useful tool for the numerical
characterization of such bonded applications (Park and Paulino (2011)).

In practical applications, the correct identification of the parameters describing a constitutive behavior is of
fundamental importance, to guarantee a reliable use of the model itself. Parameters can be determined by direct
methods, i.e., by means of experimental tests optionally combined with numerical analysis (Fedele et al. (2005)), or
by taking advantage of inverse analysis techniques for parameters identification (Bolzon et al. (2006)). In the recent
years, material constitutive models become more realistic and at the same time more complex, with the presence of
many input parameters. Moreover, some of these parameters can be characterized by a large variability. For this reason,
proper identification strategies must be developed. Thanks to the development of more and more powerful numerical
capacities, the determination of constitutive parameters by inverse analysis algorithms presents an increasing practical
usefulness and growing scientific interest (Stavroulakis et al. (2021)).

In this context, the identification of the parameters of an exponential cyclic cohesive zone model governing the
interfacial behavior in a bonded system is investigated. In particular, the identifiability of the model parameters
governing the cyclic response is investigated. Single-lap direct shear (DS) tests consisting of a pultruded carbon FRP
(CFRP) plate bonded to a steel substrate are considered for the numerical investigation of the bond behavior. This test
setup is generally adopted to study the bond behavior, and the cohesive elements are adopted to represent the interfacial
behavior. A robust stochastic inverse analysis procedure for the determination of the set of model parameters is
provided. The approach is based on the use of virtual data according to a well-established numerical procedure and
with the introduction of a proper calibrated meta model reduction technique to decrease the computational cost of the
forward operator and, thus, to solve the inverse problem in a stochastic context through Monte Carlo like procedures.

Nomenclature

Sen displacement measured at each cycle n

€es.n axial strain measured at each cycle n

7 model parameters adopted to generate virtual data

z expected value of the sought model parameters

Dy weight factors

Erry identification error of the model parameter k predicted by the Monte Carlo simulation

2. Exponential cohesive zone law

The damage-based cyclic cohesive zone model originally proposed in Bocciarelli (2021) for monotonic and cyclic
loading is adopted in this work. The interface behavior under monotonic loading is governed by the definition of a
free energy potential, with an exponentially decaying softening curve (see Figure 1a) as function of a scalar effective
opening displacement, 8. The possible extension to cyclic loading conditions is performed by introducing a scalar
damage variable, k, with a phenomenological rate equation governing its evolution in time, leading to a degrading
stiffness and strength under cyclic loading.

The free energy potential ® ((Rose et al. (1981))) for the monotonic response reads as:
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@(8) = eo, 6, [1 - (1 + 5%) e“s/‘sc] (1)

where o, represents the cohesive law traction peak, d. the corresponding critical displacement. From the definition in
Eq. (1), the effective scalar measure, t'™, of the maximum interface traction vector is computed as:
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This equation represents the monotonic bond-slip response of the model (see Figure 1a), where § = /82 + n282 is

the scalar effective opening displacement, being 1 a non-dimensional parameter coupling the normal (indicated with

the subscript n) and shear (indicated with the subscript s) behaviors. The monotonic traction-separation law reads as:
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where O, and ds represent the normal and shear components of the discontinuity displacement vector along the
interface, respectively, and t,"™ and t,"™ are the maximum traction vector components transferred along the interface.
To extend this law to cyclic debonding processes, linear damaging radial paths from the origin to the maximum
attainable scalar interface traction t'™ are assumed as per t=F(k)3<t™(k) where F(k) is a degrading stiffness function
of the damage variable k. It follows that:
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From Eq.(2), it follows that:

Fk) = oc (1 8(k)/8¢) (5)

where 8 (k) is a fictitious displacement governing the evolution of the damage variable k according to:

=i @))e o] ©

where / is a model parameter affecting the damage evolution. This effective fictitious displacement §(k) must
satisfy the following conditions: equal to zero when k equal to zero and equal to infinite when k equal to 1. The
damage variable k assumes values between 0, indicating no damage, to 1, indicating complete failure, respectively.
Material softening starts at peak point (o, 6c) and ends at complete failure with damage variable k is equal to 1 and
the traction value equal to 0. For A=1, the damage k physically represents the ratio between the energy dissipated at a
given interface displacement & and the whole interface fracture energy at disposal, i.e. the area under the bond-slip
law, see Bocciarelli (2021) for more details.

A different situation occurs during un- and re-loading cycles, fundamental to describe fatigue-driven debonding
processes. For cyclic loading, the evolution of the damage parameter k is governed by the following equations:

{fc = ak[t — Bt (k)]8 " [t — ptim]s > 0 o
k=0 [t — ptim]s < 0

with @ = a >0 for § >0 and @ = —y < 0 for § < 0 and where the upper dot denotes the corresponding rate
quantity. A new set of model parameters, namely o,  and v, is introduced in Eq. (7). These parameters govern the
cyclic response behaviour and are then referred to as fatigue parameters. In particular, o represents the rate of damage
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Figure 1.(a) Exponential cyclic cohesive zone law; (b) Schematic representation of the single-lap direct shear test

accumulation during loading, while y represents the rate of damage reduction (crack healing) during the un-loading
cycle phase. Finally,  governs the fatigue threshold in loading and un-loading and is smaller than 1.
According to Eq. (7), during un- and re-loading cycles the following alternatives hold:
e Initial unloading stage: < 0 and t > Bt'™; then, [t — Bt“m]S < 0 and k = 0, which means no damage
evolution.
e Final unloading stage: § < 0 and t < Bt'™; then, [t — Bt'™]6 > 0 and k = —yk[t — Bt'™]5 < 0, which
means damage healing or crack retardation.
e Initial reloading stage: § > 0 and t < Bt'"™; then, [t — Bt“m]S < 0 and k = 0, which means no damage
evolution.
e TFinal reloading stage: § >0 and t > Bt!'™; then, [t — Bt'™]5 > 0 and k = ak[t — Bt™]6 > 0, which
means damage incrementation.

3. Inverse analysis

The information taken from the experimental measurements constitutes the input of the inverse analysis procedure
for material characterization and structural diagnosis. Then, the solution of inverse analysis is generally based on
classical optimization theory with the minimization of a suitable norm representing the discrepancy between the
experimental results and the numerical ones, with the latter term computed as a function of the sought model
parameters. The error minimization problem can be solved by different solution techniques.

In this case, the identifiability of the fatigue model parameters is investigated numerically according to a well-
established procedure (Bocciarelli and Ranzi (2018); Papa and Bocciarelli (2023)) consisting of virtual data, obtained
numerically from a given set of model parameters through the FE model. Virtual data substitute truly experimental
data to assess the identifiability of the sought model parameters by comparison between the estimates obtained and
the expected “exact” value a priori known. If the inverse problem is well posed, then the solution in output should
provide the value of the parameters initially adopted to generate the pseudo-experimental data, within a certain error
range depending on the level of noise added to the virtual data. The input data chosen for the inverse algorithm are
the values of axial strain measured at peak of each cycle by means of strain gauges at several points along the bonded
interface and the values of relative displacement between the two adherends measured at peak and valley of each cycle
at the specimen loaded end (i.e. the global slip), both expressed as function of the number of applied cycles. So, at
each cycle n = 1...N. of the loading history, displacements at the loaded end g., and axial strains €5, at a certain
number of locations s = 1...Ng, are considered as virtual data, i.e., as input quantities. Since virtual data are
deterministic quantities, to make them more conformal to real measurements, noisy perturbances are added, assumed
to be normally distributed with zero mean and standard deviation defined as a percentage of the pseudo-experimental
datum itself. As for the autocorrelation of these measurements, they are assumed to be independent and identically
distributed. The inverse problem solution consists in computing Z=f(X), where the random variable X € Dy € R¢
(with d being the number of experimental data considered) represents the experimental information, having a certain
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probability density distribution p(X) and f is the real-valued inverse operator defined over Dg. The vector Z of the
model parameters to be identified is expressed as the expected value of the random variable Z, such as Z = E(Z):

z= [, p(OfX)dX ®)

The identifiability of the model parameters depends on how the probability distribution p(X) of the measured and
input data X propagate through the solution of the inverse problem f(X). This cannot easily be done through statistical
theory alone, due to the complexity of the nonlinear FE model governing the response of the system. Monte Carlo
methods are therefore used to compute numerically the expected value of the sought parameters and to derive the
corresponding probability density distributions. To this purpose, different virtual data sets Xi, ..., Xy, are
constructed, by perturbing with Nno different choices of noise the set of pseudo-experimental data, generated by the
FE model adopting a certain vector of model parameters z*¢. Then values Zi, ..., Zy,, are generated by solving Nno
inverse problems. These outputs are assumed to be independent and identically distributed with the same distribution
and their average taken as estimate of Z. The model parameters to be estimated are collected in vector z and the
experimental and computed quantities are indicated by subscripts “e” and “c”, respectively. Consequently, each single
inverse problem consists in the minimization of the following discrepancy norm between the computed and the
measured quantities:

() = 0 e [Ceteal ] 1, e ke Eeansn). ©)

2
€esn

Where the terms @4 = 1/N., @ = 1/(N:N,), are weight factors ensuring an equivalent contribution of the two terms
defining the objective function. The minimization of the objective function w(z) is performed by the Trust Region
(TR) algorithm ((Coleman and Yuying Li (1996))). The identified value, the corresponding standard deviation and
the identification error for each fatigue parameter are then estimated starting from different noise extraction
m=1...Nno, and different initialization vectors i=1... N as function of all identified samples leflli as:

a2 21/ (zm))
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—id N id
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With index k representing the different components of vector z. The identification error for each noise extraction is
defined as follows:
Ld ad

Zmk~ Zk

Erry, , = 100

(13)

k

Finally, a final identification error index of each sought parameter is then computed as the average of all the single
errors computed for each noise extraction, Erryk as:

Err, = ﬁzx"o Erty g (14)
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Figure 2. Identification error of parameter a (a) and  (b). Noise level=10%.
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Figure 3. Identification error of parameter (a) a, (b) B and (c) L. Noise level=10%.

A meta model approximation based on a polynomial interpolation scheme is built up by evaluating the response of
the FE model at selected training sets of z to reduce the computational cost of the forward operator ((Aoki et al.
(2001))). In this way, a faster inverse procedure is obtained. Each range of variation of the parameters is subdivided
in a certain number of intervals, Ni. Therefore, considering Np parameters, a grid of N model parameters
combinations is obtained. In this case, the specimen response in terms of the generic quantity m(z) (e.g., displacements
or axial strains) is expressed through the interpolation of the different responses computed through the FE model at
the intersection points of the grid. The procedure is not limited to specific adhesives and is a general framework.

4. Results

The reliability of the model in describing the system response was already assessed in Bocciarelli (2021), and so
only the identifiability of its parameters is here investigated. Single-lap direct shear tests where the specimen is
subjected to fatigue cyclic loading applied at the loaded end are considered and modelled through an in-house finite
element model (Figure 1b). The substrate material, i.e., steel, is considered rigid while the composite material is
assumed linear elastic, with an elastic modulus E=190GPa, thickness t=1.4mm and width b=20mm, with bonded
length L=200mm. Static parameters of the cohesive law are taken from experimental tests with quasi-static monotonic
loading, namely: peak shear strength o.=17.63MPa and interfacial fracture energy G=4.051N/mm, respectively
(Colombi et al. (2024a)). These values are kept fixed in all the inverse analysis exercises solved in the following;
while the parameters involved in the Monte Carlo analysis are the fatigue parameters, o,  and A. In these simulations,
parameter vy is taken equal to zero since no crack healing is considered. Specimens are subjected to a fatigue cyclic
loading ranging between 70% and 32% of the quasi-static strength obtained experimentally (Colombi et al. (2024b)).

Different inverse analysis exercises have been solved. In the first scenario, two parameters are assumed as
unknowns, i.e., o and B, while in the second scenario, also fatigue parameter A is assumed unknown along with the
previous two. These scenarios have been investigated by varying the virtual experimental data in input to the
optimization algorithm and considering different noise levels, N, and different number of noise extractions, Nno, to
provide a statistical characterization of the solution through a Monte Carlo approach. A preliminary parametric
analysis has been performed to investigate the convergence with respect to the number of noise extractions of mean
error and standard deviation. It was obtained that in all cases 10* noise combinations are enough to guarantee
convergence of the probabilistic analysis. The amount of the experimental information adopted as input data of the
optimization algorithm is varied, starting from the use of the maximum and minimum displacements only (Case a), to
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Figure 4. Probability density distribution of the normalized identified value 7., 9/z*® of parameter a (a) and B (b). Noise level=10%.
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Figure 5. Probability density distribution of the normalized identified value zy %/ of parameter (a) a, (b) B and (c) L. Noise level=10%.

the additional use of axial strain information in one (Case b), two (Case c) and three (Case d) discrete number of
points. These locations are indicated as (Py, P2, P3) and they are taken at a distance from the reinforcement end equal
to: Py = 170mm; P> = 150mm; P3= 100mm. Grids of parameters combinations (training sets) with a regular interval
subdivision for the approximation of the system response is adopted and the identifiability of the parameters is
investigated by varying the starting values of the vector z containing the parameters adopted to generate virtual
experimental data. For each noise extraction, five different initialization vectors evenly distributed over the parameter
domains are used to solve the inverse problem.

In the first scenario, the range of variation of each sought parameter is subdivided with 6 values, leading to a grid
of 6=36 training sets of the meta-model. After a preliminary calibration phase, the selected ranges of variation are
a€[0.1-0.9] and BE[0.6—0.9], respectively. While, in the second scenario with three unknown parameters, namely a,
B and A, again 6 node values are considered to discretize the range of variation of each parameter, leading to a grid of
63=216 sets of model parameters. In this case the selected ranges of variation are the same for o and p and A€[0.6—
0.9], respectively. Only the results corresponding to a representative set of starting values of the vector z are discussed.
First results are reported in Figure 2 and 3 in terms of the variation of the identification error Erry with respect to the
noise level and the input data (see Eq.(14) with k=a, B, A). As can be inferred, a single measurement as input data is
sufficient for the sought model parameters identification, since the estimation of the parameters is affected by errors
of the same order of magnitude of the noise added to the virtual data. Moreover, the introduction of additional axial
strain measurements produces an improvement, although limited, on the final estimation. Then, the probability density
distribution of the normalized identified value zm'%/z*¢ of each parameter, with the unity representing the expected
value are reported in Figure 4 and 5, regarding the first and the second scenario, respectively. Both numerical and
analytical curves are reported, where the analytical ones have been computed according to a normal distribution. In
particular, the curves related to Case a, with only the displacement information, and Case d, with the additional use of
all the three axial strain measurements, are reported. In this case, a 10% noise and 10 noise extractions are adopted.
It is assumed that this noise level is representative, for the purpose of this study, of the inaccuracy and the disturbance
associated with both experimental measurements and modelling errors. The curves of Case a already show a
probability density curve of the identified parameters almost centered on the expected value, i.e., on the unity value.
The introduction of the axial strain measurements induces a slightly reduction of the identification error, with a
translation of the curve toward the expected value, and a reduction of the standard deviation, with the curves covering
a narrow range of values.
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5. Conclusions

A cyclic cohesive zone model for the description of the interfacial bond behavior has been adopted. In particular, the
identifiability of the fatigue model parameters was investigated. The procedure is based on the use of virtual data, i.e.,
data generated numerically by simulation, and which are then provided in input to the inverse analysis algorithm.
Different analyses have been performed by varying the number and the value of the sought parameters and the type
and amount of experimental information adopted. These input data have been perturbed by a noise level before being
fed into the optimization algorithm to investigate the robustness of the inverse problem solution. Several noise
extractions, sufficient to guarantee converge of the algorithm, have been adopted to provide a statistical
characterization of the results through a Monte Carlo analysis.

Based on the first obtained results, some concluding remarks can be drawn. The proposed stochastic inverse
analysis procedure resulted to be accurate in investigating the identifiability of the sought model parameters by using
measurements that can be generally taken in DS test configuration. In both scenarios, the information provided by
displacements measurements resulted to be sufficient for the parameters identification. However, additional strain
measurements resulted in the reduction of both the identification error and the associated standard deviation. Finally,
the adoption of a meta-model reduction technique based on a polynomial interpolation scheme resulted to be effective
in reducing the computational effort of the finite element operator.
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