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Abstract

In the last decade, the nanoindentation technique has become one of the most important
characterization methods in micro dimensions. The experimental and analytical techniques
have been pushed towards an identification method that can compete with tensile tests. It is
self-evident to apply these powerful tools in macro dimensions as well, where the
nanoindentation technique has its roots. In this paper a new method is presented how the
true stress-strain curve as well as the viscosity and creep behaviour of a given material can
be extracted from the indentation curve by using a smart analysis tool based on neural
networks. Finite Element simulations are carried out for randomly chosen sets of material
parameters and maximum indentation depth. The resulting load-depth and depth-time curves
are collected in a database together with the material parameters. With this database neural
networks are trained to identify the material parameters from measured load-depth and
depth-time curves.

1. Introduction

The conventional hardness test is well known to characterize the mechanical properties of
materials. The advantages include that only small amounts of material are needed. Because
of its non-destructive nature the experiment is multi repeatable with the same specimen.
Tabor [1] and Atkins and Tabor [2] have shown that either a spherical indenter or several
pyramidal indenters with different tip angles have to be used, when the stress-strain relation
of a bulk material is to be investigated. For example, one can determine the Young's
modulus (see e.g. [1,3-6]), the hardening behaviour according to monotonic loading [1,5,7,8],
viscosity effects [9,10] and the parameters governing the response of nonlinear isotropic and
kinematic hardening of Armstrong-Frederick type [11,12].

The proposed method solves the inverse mechanical problem, i.e. the identification of
viscoplastic material parameters, using neural networks and the Finite Element method. In
order to gain the same amount of information on the mechanical behaviour from conventional
tensile experiments, a series of experiments as tension at different strain rates and relaxation
experiments are needed.

To avoid a tip change we restrict our work to spherical indenters. All material parameters are
obtained from one experiment. The complex inverse function is approximated by a neural
network which is trained using data from randomly distributed Finite Element simulations.

2. Spherical indentation

The indentation technique is further developed from microhardness testing and requires a
continuous load and depth measurement. In what follows, 7, 2 and P denote time,
penetration depth and load on the indenter, respectively, as displayed in Fig. 1.
When a spherical indenter with radius R penetrates a viscoplastic homogeneous material,
the measured load-depth response is determined by the load rate P and the material
properties. As already found by Tabor, a good estimate of the stress-strain relation can be
determined from indentation experiments by using the relations

o=P /2.8, (1)

m



€ =0.2a/R, (2)

where a denotes the contact radius of the impression and P, = P/(ru*) defines the mean

pressure in the contact region.
Since most microindentation devices work load controlled a creep process (P = const) is

inserted at the maximum load for duration 7" in order to gain information about the viscous
properties and the equilibrium state. Another possibility would be a relaxation process with
h = const , which is not considered here.

The time, depth and load at the end of the loading process is denoted by ¢,, 4, and F,,
respectively. The corresponding quantities at the end of the creep process are denoted by ¢,,
h, and F, = F, respectively. The unloading stiffness S is defined by §:=dP/dh|,., from
which the reduced modulus E, = E/(1-v?) can be determined.
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Fig. 1: (a) Geometry of spherical mdentatlon b) Load-time history; (c) Load -depth curve;
(d) Depth- tlme response

3. Computational methods
3.1 Constitutive model

The viscoplasticity model used is formulated for finite deformations and satisfies the second
law for any admissible process. It has been implemented in ABAQUS as a so-called UMAT
subroutine. For details respecting the constitutive equations see [14,15]. In what follows, we
consider a simplified case of viscoplasticity with nonlinear isotropic hardening. The material
parameters £ and v denote the Young's modulus and Poisson’s ratio, respectively.

The evolution equation for the accumulated plastic strain rate s :=| € | is

=(F)"/n, (3)
where m and n are viscosity parameters. In addition, the isotropic hardening rule for the
isotropic hardening variable &

=y - Bk~ k) ()
is determined by three hardening parameters: the yield stress &, the initial work hardening
rate ¥y and an additional parameter [ that limits the maximum isotropic hardening to



k., =k, +y/B. For a constant plastic strain rate €,6 >0, we obtain an overstress

F= (ns'p)”’” and the ultimate tensile strengthis R, =k, +F .

3.2 Finite Element simulations

The direct problem of calculating the depth-time behaviour 4(t) for a given load-time history
P(¢t) is solved numerically using the Finite Element method (for details see e.g. [16]). The
input quantities are the material parameters £, v, k,, y, B, n, m,the indenter radius R,

the load rate P, the maximum load F,, and the creep time T'.

The Finite Element mesh is of unit size while the indenter radius is R =0.1mm so that the
contact area is about less than 5 percent of the mesh size. The Finite Element mesh consists
of quadriliteral axisymmetric eight-node elements and is refined in the contact area
sufficiently to ensure a good quality for the loading response. The indenter is assumed to be
rigid and no friction is present between the indenter and the specimen surface.

3.3 Neural networks

Artificial neural networks represent a qualified tool for solving complex inverse problems in
computational mechanics. An overview about some relevant applications is given in [17,18].
Neural networks are flexible functions y = f(x,w) which map an input vector X to an output

vector y . The network is defined by the number of neurons and layers (see Fig. 2) and the
values of the synaptic weights w, which are indicated by arrows in Fig. 2. The data for the

training consist of pairs of desired function values (outputs d ) for corresponding inputs X .

Using a backpropagation algorithm (see e.g. [19]), the error between the outputs and the
desired values E :z  (x;,w;) —d,)? is minimized and the synaptic weights are adjusted.

In this way, the network can be trained to represent any unique relation given by a number of
examples.

In the case of parameter identification the inputs are defined by the load-depth and depth-
time response while the desired outputs are the material parameters of our model. Neural
networks are of approximative nature. In order to achieve accurate results experience is
necessary for the formulation of proper input and output definitions [17]. For more details
about feed forward neural networks, data preparation and training algorithms see [17,19].

Fig. 2: Example of a feed forward neural network with four layers

4. Identification of material parameters

In general, two possibilities exist for the identification of material parameters from
inhomogeneous experiments. The commonly used method is to perform Finite Element



simulations starting from an assumed set of material parameters and to optimize the material
parameters by minimizing the square error of the difference between the numerical and the
experimental data. This method has the advantage, that its result is the best fit for the
assumed constitutive model and the performed experiment. However, it is uncertain if the set
of material parameters, obtained, is unique. In addition, for a second experiment all
simulations of the prior identification are useless and the whole number of Finite Element
simulations is needed again.

In this work, the inverse problem is solved by neural networks. A number of Finite Element
simulations of the spherical indentation test are performed by randomly chosen sets of

material parameters and indentation depth #,. The limits for the material parameters are
chosen in a wide range so that the prospective materials can be identified. The value of 4, is

allowed to be within a wide range of 0.01<4,/R<0.15. On the basis of the obtained

numerical load-depth and creep responses the relation between the measurable data and
the underlying material parameters is trained to the neural network, as illustrated in Sect. 3.3.
If the problem is non-unique, the neural network will not be able to solve the inverse problem,
indicated by a high output error at the concerned output neuron. In the majority of cases it is
possible to modify the loading history, e.g. by inserting of creep or unloading phases and
choosing the right geometry or depth range, in order to provide the relevant information,
needed.

Another important point, which is relevant for the identification accuracy, is the choice of the
input and output definitions. Dimensionless quantities should be preferred to make the
network as general as possible. Reducing the number of input neurons to a minimum
prevents big network structures, which tend to classify. In what follows, the input quantities
are defined for the neural network. Equation (5) composes information with respect to the
ratio of the average contact radius rates for loading and creep. Equations (6)-(8) and (9)-(11)
represent the shape of the loading response and the creep curve, respectively. The
unloading stiffness is provided by (12). Note, that the index 0 and ¢ denote the begin and the
end of creep, respectively.

X, =a,la, (5)

x, = h(0.25t,)/ h, (6)

x; = h(0.5t,)/ h, (7)

x, =h,/R (8)

x5 = (h(t, +0.05T) — h,)/ h, (9)
xg = (h(ty +0.1T) = h,)/ h, (10)
x, = (h(ty +T)—hy)/ h, (11)
xg :=Sh, /P, (12)

The output quantities of the neural network consist of material parameters, which are made
dimensionless by estimates including a priori knowledge. This has, in addition to the non-
dimensional formulation, the advantage that the neural network is only responsible for
determining the correction factor to the estimate. Using this method, neural networks can
yield a comparable high accuracy [17]. The following equations use prior knowledge from
determining the Young’s modulus [7]

y, =E JRh IS, (13)



the Tabor relation (1)

Yy =ky/ P, (14)
y;=Y/P,, (15)
y4 = Rm/Pm07 (16)
ys =F'/(P,—P,), (17)

and the form of the evolution equation for the overstress from the constitutive model
combined with Tabor’s equation for the plastic strain (2)

y() = (dcr/dO)l/m' (18)
In (5)-(18) the average contact radius rates and mean pressures are given by
a, = +2Rh, I't,, a, =+2R(h, —hy)/(t, —t,), and P, ,:=P,/(2mRh,), P, :=P /(2TRA,),
respectively. Inserting (2) in (3), the global indentation overstress F' is given by the relation
F':=(0.2na,/R)"™. When the values of y, to y, are determined by the neural network, the
system of equations (13)-(18) can be solved with respect to the material parameters. As
usual, the reduced modulus E, = E/(1-v?) is determined, where the Poisson's ratio v is
assumed to be v = 0.3 for all Finite Element simulations.
The neural network consists of four layers with 8, 20, 10 and 6 neurons, respectively, and is
trained 5000 epochs with 145 patterns. It has been verified by additional patterns that were
not included in the training. The accuracy of the validation patterns is comparable to that of
the training patterns and the network provides a good generalization.
The trained neural network was applied to experimentally measured curves displayed in Fig.
3(a). The indentation experiments are carried out using an Ultra-micro Indentation System
UMIS 2000 with a spherical indenter of R =10um . The material parameters identified from
the experimental data yield the stress-strain curves displayed in Fig. 3(b). The simulation of
the tensile experiment consists of strain controlled loading with & =10 and inserted
relaxation phases of 1000s in order to visualize the contribution of the viscous overstress. In

contrast to the observed creep behaviour during the indentation experiment the viscous part
is most significant for the ferritic steel.
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Fig. 3: (a) Experimental measured load-depth curves; (b) identified stress-strain responses



For a first verification, a simulation of the indentation experiment was carried out using the
identified material parameters (no optimization was carried out). The predictions of the
numerical simulations are in excellent agreement with the experimental curves for all parts of
the experiment: the loading creep and unloading process. It is worth to mention, that the
viscous part in the constitutive model does not only produce creep at constant load.
Furthermore, it is responsible for a steep rise at the very beginning of the loading response.
This effect is very pronounced for aluminium as it can be seen in Fig. 3(a) and cannot be
observed from simulations with plasticity models (see e.g. [11,12]).

Conclusions

The present paper has shown that the indentation experiment has a giant potential in
determination of more than just hardness. It has been demonstrated for a viscoplasticity
model how the material parameters of the hardening response, the viscosity parameters and
the Young’s modulus can be identified. Extensions towards the identification of kinematic
hardening, static recovery as well as thin films or hardened layers are possible in the same
manner. The proposed smart indentation method distinguishes itself by combining the
advantages of an innovative constitutive model, a loading history that allows a unique
identification of the material parameters, the numerical solution of the inelastic contact
problem by the Finite Element method and the application of neural networks for an explicit
solution of the inverse problem. Having the trained neural network, no more Finite Element
simulations are needed and the identification can be carried out within some milliseconds.
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