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Abstract A new approach was put forward to iden-
tify the damage parameters of the shear modified GTN
damage model proposed by Nahshon and Hutchinson
(Eur J Mech Solid 27:10–17, 2008) by combining the
artificial neural networks algorithm and small punch
test. The factorial design method was used to analyze
the influence of the parameters on the shape of load-
displacement curve of small punch test. The less impor-
tant parameters were set as empirical value and the sig-
nificant factors were determined by an artificial neural
networks model which was build up based on large
amount of simulations of small punch tests with differ-
ent levels of damage parameters values. The identified
parameters were validated by small punch test simu-
lations with different specimen thickness. The results
show that the identified parameters of the shear mod-
ified GTN damage model are effective to characterize
the mechanical behavior as well as the damage evolu-
tion and ductile failure of material during the process
of small punch test. In addition, the applicability of the
identified parameters in the tests with different stress
condition were verified.
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1 Introduction

It is well known that the process of ductile failure of
materials involves three stages: (1) nucleation ofmicro-
voids by either fracture or decohesion of the second-
phase particles and inclusions, (2) volume growth of
micro-voids induced by plastic straining, (3) coales-
cence of enlarged voids due to plastic flow localization
and final tearing of the ligaments between enlarged
voids when the voids volume fraction reaches a crit-
ical value. The constitutive model proposed by Gur-
son (1977) is the most well-established damage the-
ory that describes the ductile failure of metal materials
caused by the growth of micro-voids. Afterwards, Gur-
son’s model has been improved by several researchers.
The extension proposed by Tvergaard and Needleman
(1984), commonly referred to as GTN damage model,
has achieved widespread acceptance within the scien-
tific community.

However, there are two main shortcomings that pre-
vent the GTN damage model from being widely used
in the simulation of engineering problems. Firstly,
the good performance of the GTN damage model
in the predicting of material fracture depends on
precise knowledge of its nine constitutive parame-
ters (q1, q2, q3, f0, fN , εN , SN , fc, fF ) associated
with the material. The experimental determination of
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the material parameters is very complex. One prin-
cipal approach to identify these parameters is using
the inverse method coupled with non-linear optimiza-
tion procedure. The principle of inverse method is to
quantitatively describe the complicated stress–strain
responses and minimize the difference between the
test results and the corresponding numerical simulation
results by using an advanced optimization technique.
Corigliano et al. (2000) solved the inverse problem
of parameters identification via the extended Kalman
filter for nonlinear systems coupled with a numerical
methodology for the sensitivity analysis. Springmann
and Kuna (2005, 2006) identified the parameters by
using a gradient-based optimization procedure to fit
the experimental and numerical calculated forces at
given displacements based on the quadratic approxima-
tion.Muñoz-Rojas et al. (2010) determined the parame-
ters by inverse analysis using genetic algorithms. Since
the inverse method is based on large amounts of finite
element computation to adjust the parameters step by
step via non-linear optimization procedure, it usually
requires prohibitive computing time and cost to get the
proper parameters.

Another important approach to calibrate the GTN
parameters is using the artificial neural networks
(ANN) which builds the relationships between the
stress–strain response or load-displacement curve of
a certain material mechanical test and the GTN model
parameters. First, the simulation results of the mate-
rial mechanical test with different damage parameters
values were used to train the ANN, and then the param-
eters can be identified via the well trained ANN based
on the experimental results of the material mechani-
cal test. The small punch test (SPT) Abendroth and
Kuna (2003), Abendroth and Kuna (2006), sheet metal
blanking Aguir and Marouani (2010), Marouani and
Aguir (2012) and notched tensile Abbassi et al. (2013)
were used by many researchers to calibrate the dam-
age parameters of GTN model. Although the training
of ANN relies on a number of numerical results with
varying GTN model parameters, the ANN approach
requires much less computing time compared with the
classical inverse method Abbassi et al. (2013).

Secondly, many recent studies have shown that the
GTN damage model is inapplicable to predict local-
ization and fracture for some ranges of stress triaxi-
ality Nahshon and Hutchinson (2008). Under tensile
loading condition, which corresponds to high values of
stress triaxiality, the material damage behavior is dom-

inated by voids nucleation, growth and coalescence
which can be characterized by GTN damage model.
However, under shear loading condition, the govern-
ing failure mechanism is characterized by the shear
localization of plastic strain of the inter-voids ligaments
caused by voids rotation and distortion Barsoum and
Faleskog (2007). Since the GTN damage model does
not include those important phenomena, it is unable
to capture the real damage behavior of materials under
those conditions. Some significant improvements in the
damage evolution mechanism have been made based
on phenomenological or geometrical considerations to
overcome this limitation. The most popular one is the
shear modified GTN model coupled with shear dam-
age mechanism proposed by Nahshon and Hutchinson
(2008), which has been widely used to characterize
the ductile damage and assess the formability of met-
als Achouri et al. (2013).

In the shear modified GTN damage model coupled
with the Nahshon and Hutchinson shear damagemech-
anism, a new constitutive parameter, which defines the
magnitude of the damage growth rate in shear stress
state, is introduced, which makes the identification of
GTN model parameters more complex. In the present
paper, a set of methods is established to identify the
shear modified GTN parameters by small punch test.
Firstly, the fractional factorial design was used to mini-
mize the number of the damage parameters of the shear
modifiedGTNmodelwhich need to be calibratedwhile
some of them have little effect on the stress–strain
response of material. Then, the parameters are iden-
tified by means of ANN method based on experiments
and simulations of small punch test. At last, the reliabil-
ity of the determined parameters based on the current
method were verified by SPTs with different specimen
thickness.

2 Experimental method

The small punch test (SPT) is a mechanical testing
method that has been widely used in recent decades.
In the SPT, a disk like specimen of ∅10 × 0.5mm size
is deformed in a miniaturized deep drawing experi-
ment. Fig. 1 shows the principle sketch of the SPT
with the essential geometricmeasures. The specimen is
clamped between the lower and upper dies and deforms
until fracture driven by the punch via a rigid ball with a
diameter of D = 2.4mm. While the hole in the lower
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Fig. 1 Principle sketch of the small punch test

Fig. 2 Stages in load-displacement curve of SPT

die has a diameter of d = 4mm and a fillet radius of
r = 0.5mm.

The measurable output of the SPT is the load-
displacement curve of the punch which contains infor-
mation about the elastic-plastic deformation behavior
and strength and fracture properties of thematerial. The
typical load-displacement curve for a ductile metallic
material is shown in Fig. 2. In general, the curve can
be divided into several parts. Part I is mainly the elas-
tic response of the material. Part II reflects the transi-
tion from elastic to plastic behavior. Part III shows the
hardening properties during large plastic deformation.
In part IV, the damage begins to make a difference and
softening occurs. Part V describes the rapid decrease
of material load carrying capacity as damage reaches a
critical value and final fracture happens in Part VI.

Figure 3 presents the result of the small punch speci-
menafter fracture.TheSEMobservationon the fracture
surface indicates that the failure of the specimen is the
result of ductile damagewhich is characterizedbyvoids
nucleation and volume growth. In addition, the voids

shape in the dimple structure shows that voids shape
distortion also plays an important role in the damage
and fracture of specimen in SPT.

3 Numerical simulation

3.1 Finite element model

In this work, the SPT was simulated by finite element
software ABAQUS. Since the geometrical and the load
of SPT are axisymmetric, a two-dimension finite ele-
ment model was constructed as shown in Fig. 4. The
specimenwasmeshedwith axisymmetric reduced inte-
gration elements. Different element sizes have applied
to check themesh dependency on the simulation results
and finally the mesh size of about 0.1 mm × 0.1 mm
was applied andmesh refinement of 0.06mm×0.1mm
was performed in the specimen center where the plastic
deformation and damage was located. The die, down-
holder and punch ball are modeled as rigid bodies. Die
and down-holder are fixed in all degrees of freedom,
whereas the rigid ball can moved vertically by a dis-
placement boundary condition. The contact between
specimen and rigid ball, die and down-holder is mod-
eled including penalty friction with friction coefficient
is 0.2.

3.2 Material model

The GTN damage model coupled with shear damage
mechanism Nahshon and Hutchinson (2008) was used
to simulation the plasticity, damage fracture behavior
of the SPT. The yield surface of GTN damage model
can be described as following:

φ
(
σi j , σ̄ , f ∗) =

(σeq

σ̄

)2 + 2 f ∗q1 cosh
(

−3q2σm
2σ̄

)

−1 − q3
(
f ∗)2 = 0 (1)

where σeq =
√

3
2 si j si j is the macroscopic von Mises

equivalent stress, and σm = 1
3σkk is the macroscopic

hydrostatic stress. si j = σi j − 1
3σkkδi j denotes the devi-

atoric components of Cauchy stress σi j , and δi j is the
Kronecker delta. σ̄ is the flow stress of undamaged
material matrix. f ∗ is the total effective void volume
fraction. q1, q2 and q3 are the fitting parameters pro-
posed by Tvergaard Tvergaard (1981, 1982) to better
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Fig. 3 Small punch test
specimen after fracture and
SEM photo of the fracture
surface

Fig. 4 Finite element model of SPT

represent the void’s interaction effects Abendroth and
Kuna (2003).

The damage variable f ∗ is defined as the function
of void volume fraction f

f ∗ =
{
f, f � fc
fc + κ( f − fc), f > fc

(2)

where κ = ( fu − fc)/( fF − f ) is the void growth
acceleration factor which represents the rapid drop of
material load capacity due to void coalescence. The
parameter fc is the critical void volume characterizing
the beginning of coalescence. fF is the void volume
fraction at rupture and fu = 1/q1 represents the ulti-
mate value of void volume fraction when the material
load capacity reduces to zero.

With the shear damage mechanism proposed by
Nahshon and Hutchinson (2008), the new expression
for the growth rate of void volume fraction is given as:

ḟ = ḟg + ḟn + ḟs (3)

where ḟg , ḟn and ḟs represent the growth of pre-
existingvoid, the nucleationof newvoids, and the shape
change of voids after plastic deformation respectively.

The growth rate of pre-existing voids is controlled
by the trace of plastic strain increment tensor.

ḟg = (1 − f )ε̇ p
kk (4)

The nucleation of new voids was taken to be governed
by normal distribution.

ḟn = fN

SN
√
2π

exp

[

−1

2

(
ε̄ p − εN

SN

)2
]

˙̄ε p (5)

where fN is volume fraction of void nucleating parti-
cles, εN is the mean void nucleation plastic strain and
SN is corresponding deviation of the normal distribu-
tion.

The variable fs is introduced by Nahshon and
Hutchinson (2008) consistent with the mechanism of
void softening in shear condition and the expression is
given as

ḟs = ksw(σi j ) f
si j ε̇

p
i j

σeq
(6)

where ks is defined as the magnitude of the damage
growth rate in pure shear state. w(σi j ), the measure-
ment of current stress state, is defined as w(σi j ) =
1 −

(
27J3
2σ 3

eq

)2

, and J3 = 1
3 si j s jkski is a third invariant

of stress tensor. The value of w(σi j ) varies from zero
for all axisymmetric stress state (σ1 = σ2 � σ3 or
σ1 � σ2 = σ3) to one for a pure shear stress plus a
hydrostatic contribution (σ1 = σm + τ, σ2 = σm and
σ3 = σm − τ , where σ1, σ2, σ3 is the principal stresses
with the order σ1 � σ2 � σ3).

The shear modified GTN damage model was imple-
mented into the commercial finite element code
ABAQUS via user-defined material subroutine inter-
face VUMAT. The integration scheme of the constitu-
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Table 1 Chemical analysis of the normalizing silicon steel (%
in weight)

C Si Mn P S

0.014 0.367 0.374 0.694 0.040

tive law of the model is detailed in literature Nahshon
and Xue (2009).

3.3 Numerical procedure

To sumup, the shearmodifiedGTNdamagemodel con-
tains ten parameters which can be classified as consti-
tutive parameters (q1, q2, q3) and thematerial parame-
ters ( f0, fN , εN , SN , ks, fc, fF ). Eachof them influ-
ences the shape of the load-displacement curve at dif-
ferent stages in the SPT Cuesta et al. (2010): The part
I and II of curve are mainly controlled by the elastic-
plasticmaterial properties. The influence of initial dam-
age f0 in this stage is limited and can be ignored.
The damage evolution parameters fN , εN , SN and ks
start their influence in Part III. In this stage, the dam-
age grows with the large plastic deformation, and the
curve is controlled by the competition of damage soft-
ening and plastic work hardening. The damage soften-
ing becomes dominant gradually as the damage grows
rapidly in Part IV stage. When the damage reaches
a certain high value, the material carrying capacity
begins to decrease. Part V is the final failure stage with
the macroscopic cracks occurring and extending and
the material loses its carrying capacity completely.

4 Parameters identification

4.1 Elastic-plastic behavior

A kind of cold rolled silicon steel, which was widely
used in magneto-mechanical engineering, was applied
in this study. The chemical compositions are listed in
Table 1.

The elastic-plasticmaterial propertieswere obtained
from the true stress–strain curve of uniaxial tensile test.
Due to the damage development as strain grows, it is
necessary to extrapolate values from undamaged mate-
rial using the Hollomon law (σ = K εN ) to remove
the damage effect on the material elastic-plastic behav-

Table 2 Material elastic-plastic parameters

E (GPa) v K N

201 0.3 690 0.25

Fig. 5 True stress–strain experimental and extrapolate curve

ior. The true stress–strain experimental and extrapolate
curve are shown in Fig. 5 and the elastic and plastic
parameters obtained from the stress–strain curve are
listed in Table 2

4.2 Fractional factorial design analysis

In most published literatures Benseddiq and Imad
(2008), the constitutive parameters q1, q2 and q3 are
often fixed as q1 = 1.5, q2 = 1.0 and q3 = q21 . There
are still seven unknown damage parameters which
can be classified as damage evolution parameters:
f0, fN , εN , SN , ks and the failure parameters: fc, fF .
In order to further minimize the number of damage
parameters that need to be calibrated, the experimental
design methodology was used in this research.

A fractional design with a number of 25−1 = 16
classes numerical simulations were performed to deter-
mine the influencing degree of the damage evolution
parameters ( f0, fN , εN , SN , ks) on shape of load-
displacement curve of SPT. Table 3 shows the lev-
els of the five parameters. The numerical experimental
plan is generated using the statistical software Minitab
and involves 16 cases as shown in Table 4. Each of
the experiments in factorial design was performed by
numerical simulation.
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Table 3 Factors and levels used in factorial design

Factor f0 εN fN SN ks

Label A B C D E

Low level (−) 0 0.2 0.02 0.01 1

High level (+) 0.002 0.4 0.04 0.1 3

Table 4 The fractional factorial design in coded form with
response

Case no. A B C D E Response (variance)

1 −1 −1 −1 −1 1 0.021955

2 1 −1 −1 −1 −1 0.001666

3 −1 1 −1 −1 −1 0.000399

4 1 1 −1 −1 1 0.001892

5 −1 −1 1 −1 −1 0.008287

6 1 −1 1 −1 1 0.077093

7 −1 1 1 −1 1 0.022031

8 1 1 1 −1 −1 0.002152

9 −1 −1 −1 1 −1 0.001160

10 1 −1 −1 1 1 0.040369

11 −1 1 −1 1 1 0.000813

12 1 1 −1 1 −1 0.000684

13 −1 −1 1 1 1 0.073863

14 1 −1 1 1 −1 0.009972

15 −1 1 1 1 −1 0.001784

16 1 1 1 1 1 0.037642

The response of the factorial design is defined as
the variance of the load-displacement curve shape. In
order to quantify the variance, an additional case of SPT
simulationwith nodamage involvedwas conducted and
the comparison of the load-displacement curve of the
no damage case with that of part of the experimental
design cases is shown in Fig. 6. Thus, the variance of
each experiment can be calculated using the formula as
following:

S(b j ) = 1

N

N∑

i=1

(
Fi (b j ) − F0

i

F0
i

)2

(7)

where the Fi (b j ) and F0
i are, respectively, the punch

load in experimental case j and in the no damage case at
point i , and N is the total number of points. In thiswork,
the point number is selected as 20 with the interval of
0.2mm at displacement from 0 to 2.0mm.

Fig. 6 The comparison of load-displacement curve of SPT simu-
lation between parts of experimental design cases and no damage
case

Fig. 7 The Pareto chart of the standardized effects of damage
evolution parameters on the shape of load-displacement curve of
SPT

The analysis of the factorial design after running the
16 experimental design cases produced the standard-
ized Pareto chart which is presented in Fig. 7. It is a
horizontal bar-chart, in which the length of each bar is
proportional to the absolute value of its associated esti-
mated standardized effect. The results show that the
damage parameters of fN , εN and ks are important
factors that affect the load-displacement curve shape
of SPT while the effect of f0 and SN is not statistically
significant. Thus, the calibration of the five damage
evolution parameters can be reduced to three.

The value of SN is defined as 0.1 which has been
used in many studies Benseddiq and Imad (2008), and
the initial voids volume fraction f0 can be estimated
according to the material chemical composition using
the Franklin formula Ag (1969):
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Fig. 8 The identification
procedure of material
damage parameters using
ANN

f0 = 0.054

(
S(%) − 0.001

Mn(%)

)
= 0.002 (8)

4.3 Artificial neural networks approach

A type of feed forward trained by back-propagation
artificial neural networks was used in this work to iden-
tify the material damage parameters of the shear mod-
ified GTN model. It is able to generate an approximate
function for the parameters depending on the shape of
the load-displacement curve of SPT. TheANNcontains
three layers of neurons: the input layers, hidden layer
and output layer.

For an ANN including N neurons in the input layer
noted as x j ( j = 1, 2, 3 . . .N), each neuron in the hid-
den layer receives total outputs from the input layer can
be determined as:

u j = N
	
i=1

wi j xi + b j (9)

where u j is the potential input to the neuron j in the
hidden layer; wi j is the weight from the neuron i in the
input layer to neuron j in the hidden layer; b j is the
bias of the neuron j .

The output of a neuron in the hidden layer is com-
puted by applying the potential input to a transfer func-
tion. For the feed forward type of ANN, the sigmoid
function is usually used as transfer function. So it can
be expressed as:

y j = f (u j ) = 1

1 + exp(−u j )
(10)

where y j is the output from the j neuron in the hidden
layer. The computation of the input values and output
values of the neurons in the output layer are similar to
equation (9) and (10), respectively.

The ANN is trained based on the comparison
between the actual and target output, until the actual
network output matches the target output. For the back-
propagation algorithm, the weights and biases of net-
work were updated in the direction where the per-
formance function (the global error) decreases most
rapidly. The error signal ei (n) at the output of neuron
i at iteration n and the sum of squared errors E(n) at
iteration n are defined as:

E(n) = 1

2

∑

i=C

[ti − ai (n)]2 (11)

where, the set of C includes all the neurons in the out-
put layer of the network, ti is the target output for the
neuron i , and ai (n) is the actual output of the neuron i
at iteration n.

The (45-25-5) ANN model was developed with
MATLAB software. In the input layer, there are 45 neu-
rons that represent the 45 values measured for the load
evolution versus the displacement of punch in SPT sim-
ulation. In the hidden layer, 25 neurons were applied.
The 5 damage parameters of fN , εN ks and fc fF were
set as 5 neurons in the output layer.

The identification procedure using the ANN model
structure is illustrated in Fig. 8. The first step is to train
the ANN model. For this purpose, a database of SPT
simulation with different values of damage parameters
was generated. The variation of the damage parame-
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Table 5 Proposed damage evolution parameters for simulation

Parameters εN fN ks fc fF

Lower (20%) 0.24 0.2 1.2 0.16 0.24

Normal level 0.3 0.25 1.5 0.20 0.30

Upper (+ 20%) 0.36 0.3 1.8 0.24 0.36

Table 6 Identification results of the damage parameters

Fixed parameters Identified parameters by ANN

q1 q2 q3 f SN εN fN ks fc fF

1.5 1. 2.25 0.002 0.1 0.344 0.217 1.22 0.234 0.351

Fig. 9 Simulation results of damage in the specimen of SPT,
SDV3 denotes the damage variable f ∗

ters is shown in Table 5, and a full factorial design
was applied. The total number of finite element sim-
ulations is 35 = 234 as 5 parameters and 3 levels for
each parameter were considered. The ANNmodel was
trained using 211 (90%) simulations data and the left
10%was applied as validation set to check the accuracy
of the ANN model.

Then, in the identification step, the 45 values in
load-displacement curve obtained from SPT experi-
ment were applied as 45 input neurons to identify the
damage parameters using the trained ANN model.

5 Results and discussion

Table 6 presents the identification results of the dam-
age parameters of the experimental material. In order
to verify the identification results, those parameters are
used to simulate the SPT. Figure 9 shows the simulation

Fig. 10 Comparison between simulation result using identified
damage parameters and experiment

Fig. 11 Evolution of damage component versus the equivalent
plastic strain of fracture area in specimen during the process of
SPT

results of damage distribution in the specimen. Crack
initiates on the button side of specimen about 1mm
out of the center and grows across the specimen until
complete fracture. The same position of fracture can be
seen in the experiment as shown in Fig. 3. The com-
parison of load-displacement curve with the simulation
and experiment is presented in Fig. 10. The agreement
of the two curves indicates that the identified damage
parameters of the shear modified GTN damage model
are effective to characterize the damage evolution and
ductile failure in the SPT. Fig. 11 is the damage evolu-
tion versus the equivalent plastic strain of fracture area
of specimen during the process of SPT. It can be seen
that the voids volume growth is the main factor that
contributes to total damage development; however, the
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Fig. 12 Experimental and simulation results of SPT curve with specimen thickness of a 0.45mm and b 0.55mm

Fig. 13 Two types of tests:
a tensile-shear combine
testing and b pure shear
testing

shear damage mechanism caused by the voids shape
distortion also plays an important role especially in the
final stage where the total damage is relatively high.

In order to further verify those parameters, numeri-
cal simulations of SPT with different specimen thick-
ness were conducted. Fig. 12 shows the result curves
of experiment and simulation with specimen thickness
of 0.45 mm and 0.55 mm. Both the results show that
the identified damage parameters of the shear modified
GTN model can characterize the material mechanical
behavior at a relatively high accuracy during the pro-
cess of SPT.

In addition, two types of tensile-shear tests shown
in Fig. 13a, b were carried out on the universal ten-
sile testing machine to verify the effectiveness of the
identified parameters in the material test with dif-
ferent stress condition. The load-displacement curves
obtained by numerical simulations with the identified

damage parameters were compared with the experi-
ments in Fig. 14. The results of the tensile-shear com-
bine testing shows a good agreement between simula-
tion and experiment; however, it does not agree well
in the shear testing, which indicates that the material
damage parameters obtained by a specific testing may
not be applicable to ones with different stress condi-
tion. In the tensile-shear combine testing, shear stress
exists in the deformation area at the beginning of the
test, however, tensile stress begins to dominate with
the increase of deformation and rotation of the defor-
mation zone. The stress condition is similar to that of
SPT in a certain way, which may be the reason for the
applicability of material damage parameters identified
by SPT in the tensile-shear combine test. However, the
stress condition in the pure shear testing is totally dif-
ferent, which results in the inapplicability the identified
material parameters by SPT.
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Fig. 14 Comparison of simulation and experimental results of a tensile-shear combine testing and b pure shear testing

It should be noticed that the identification of the
material damage parameters of the shear modified
GTN damage model in this work was based on
inverse method which just fit the macroscopic load-
displacement curve rather than the description of
microscopic damage and fracture behavior of material.
Therefore, a further verification of the identified dam-
ageparameters should beperformedwhen they are used
in other material tests with different stress conditions.

6 Conclusion

The material damage parameters of the shear modi-
fied GTN damage model is identified by the inverse
method based on artificial neural networks method
combined with fractional factorial design analysis.
As the damage model contains seven parameters
( f0, fN , εN , SN , ks, fc, fF ) to be determined, the
fractional factorial design analysis was conducted to
recognize the most important parameters that affect the
material macroscopic mechanical behavior. The frac-
tional factorial design analysis demonstrates that the
damage evolution parameters of fN , εN and ks are the
significant factors that affect the mechanical behavior
of specimen in SPT while the effect of f0 and SN is not
statistically significant. An artificial neural networks
model was built to identify the important damage evo-
lution parameters of fN ,εN ,ks and failure parameters
of fc, fF . The validity of the identified material dam-
age parameterswas confirmed by SPT simulationswith
different specimen thickness. In addition, the verifica-

tion of the applicability of the identified parameters
in tensile-shear combine testing and pure shear testing
come the conclusion that parameters obtained by a spe-
cific testing with inverse method may not be applicable
to ones with different stress conditions and further ver-
ification should be performed when they are used.
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