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Abstract: Determining the stress—strain curve and other plastic properties using instru-
mented indentation techniques has long been a topic of active study. The potential to use
small, geometrically simple specimens and to characterize a component under service
without the need to remove material for specimen preparation makes this methodology
highly attractive to many industries. In this study, a data-driven approach that leverages
machine learning and finite element analysis was used to construct a model called ‘Brilearn’
that predicts the stress—plastic strain curve of metallic materials. The framework consists of
a novel model for predicting the hardening curve, the classical Tabor model for predicting
the yield stress for materials with yield stress lower than 100 MPa, and an XGBoost model
for predicting the yield stress for metals with yield stress higher than 100 MPa. The model
was validated against experimental data on Al1100, Al6061-T6, Al7075-T6, and brass and
copper alloys, features error predictions of 8.4 = 8.5% for the yield stress and 3.2 & 4% for
a complete curve ranging from e’ = 0 to & = 0.15. The model is especially suited for the
determination of the stress—plastic strain curves for components in service since only two
simple indentation tests are required.

Keywords: machine learning; indentation; stress—strain curve

1. Introduction

Mechanical testing techniques have been integral to the characterization of metallic
materials, providing essential insights into their mechanical properties and behavior un-
der load. Among these techniques, instrumented indentation has emerged as a tool for
assessing strength in a relatively simple and straightforward manner. Originating from
the seminal work of Johann A. Brinell, the Brinell hardness test laid the groundwork for
subsequent advancements in indentation testing methodologies [1].

The Brinell indentation test is a method used to measure the hardness of a material. A
hard sphere, usually made of tungsten carbide, is pressed against the surface of the material
with a predetermined load for a specified amount of time. The diameter of the resulting
indentation left on the material’s surface is measured optically and is used to calculate the
Brinell hardness number using the following formula:

BHN = 2P 1)

nD(D—\/W)

where P is the applied force, D is the indenter diameter, and d is the indentation trace
diameter.
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For an adequate Brinell test, the material surface must be flat, bulky, and free from
contaminants. A suitable testing machine capable of applying and releasing the specified
load accurately and normal to the specimen surface, along with a calibrated microscope, is
also required [2].

Instrumented indentation techniques (IIT) can be divided into two main categories:
the indentation scale, which goes through nano-indentation, micro-indentation, and macro-
indentation, and whether the loading procedure is continuous or discrete, where the former
is more common in nano-indentation, and the latter, in macro-indentation.

The field of macro-indentation, and especially the Brinell hardness method, has
evolved throughout the 20th century by both developing empirical and theoretical frame-
works for hardness testing [3-5] and the advent of modern instrumentation capable of
precise force and trace measurements.

Simultaneously, Nanoindentation has garnered widespread attention for its ability to
probe material properties at the nanoscale, offering insights into phenomena such as phase
transformations, strain rate effects, and size-dependent mechanical behavior [6,7]. Nanoin-
dentation has been found to be particularly advantageous for characterizing thin films
where traditional mechanical testing methods are inadequate. Recent studies have contin-
ued to demonstrate the effectiveness of classical [8-10] and machine learning-aided [11-13]
nanoindentation in extracting elastic-plastic and tribological properties. Although nano-
indentation techniques bear a resemblance to the instrumentation techniques and me-
chanical behavior inverse extraction methods, their great effectiveness in characterizing
localized behavior may be disadvantageous when one wishes to determine the effective
bulk mechanical response. This is due to material heterogeneities such as grain bound-
aries of surface roughness. For determining bulk material response, for larger specimens,
macro-indentation may be preferable.

When dealing with the mechanical characterization of metals, one sought-after ability
is to measure the stress—strain curve and other plastic properties using instrumented
indentation techniques due to the ability to use small, geometrically simple specimens
and to characterize a component under service without the need to remove material for
specimen preparation [14]. However, the complex nature of the stress and strain fields
developed during an indentation test makes this matter a nontrivial one. Nevertheless, over
the last two decades, research has been conducted in this regard, and several models for
predicting plastic behavior from instrumented indentation techniques have been developed.
These models can be divided into the following categories:

e  Finite element-based inverse modeling of an IIT [15-18]. This approach consists
of guessing an initial plastic material model and hardening curve and iteratively
adjusting the model’s constant until the computed force-displacement curve converges
to the experimental one.

e  Coupled FE-Bayesian framework approach [19].

e  Deep learning approach [14,20-24]. This approach consists of generating data of the
stress—strain curve and its equivalent IIT force-displacement curve using finite element
modeling of instrumented indentation tests and using this data to train a neural
network architecture to predict stress—strain curve for a given force-displacement
curve and possibly other parameters. The main differences between the various
publications that implement this approach stem from the material model and its
constant range used in the data generation procedure, the neural network architecture
implemented, and the validation procedure.

These approaches have overall shown good performance in predicting the plastic
behavior of materials. However, all these models require a continuous measurement of
the force-displacement curve of an indenter to predict the plastic behavior. Continuous
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measurement generally requires specialized and expensive equipment and specialized spec-
imen preparation and must be conducted in a laboratory setting. In many cases, especially
for in-service structures or devices, only simplified discrete indentation measurements are
possible. When it comes to stress—strain curve prediction, two main options are available.
The first is the Tabor model, which is an empirical model that utilizes the following relations
between a force-trace diameter pair and its corresponding stress—strain pair [25]:
(72%%;820.2% )

In (2), 0, € are the stress and plastic strain while, P is the force, d the trace and D
the indenter diameter. The second option is using inverse FE modeling of an indentation
experiment to iteratively find the flow stress that produces a trace diameter equal to the
experimental trace diameter for every indentation experiment. Although this approach
has been proven successful [26,27], it requires both time and expertise. In addition, to the
authors’ best knowledge, no other method exists for predicting the stress—strain curve of a
material using several discrete indentation tests.

One way of addressing this prediction problem is by using data-driven and machine-
learning tools. Machine learning refers to traditional techniques and algorithms used to
enable computers to learn from data and make predictions or decisions without being
explicitly programmed. These powerful tools have been utilized in the scientific com-
munity in order to innovatively identify mechanical parameters [20,23,28,29], mechanical
strength [30,31], physical properties [32], and accelerated materials discovery [33,34].

These algorithms necessitate quality data, which is divided into the following groups:

e A train group, with which the model ‘learns” how to make predictions.

e A validation group, utilized to fine-tune a model’s hyperparameters (i.e., parameters
that control the learning process and affect how the algorithm operates).

e A test group is used to evaluate the model’s prediction capabilities using evalua-
tion metrics (such as mean squared error) and thus see how well it generalizes to
unseen data.

In this study, we present a novel data-driven approach that leverages machine learning
based on finite element analysis data to predict the stress—strain curve of metallic materials
from several Brinell hardness tests. By comparison to experimental data, it is demonstrated
that the proposed methodology can be used to determine the stress—strain response of a
wide range of metallic materials with good accuracy.

The manuscript is structured as follows: Following this introduction, in Section 2, the
methodology used in this study is presented. Section 3 outlines the numerical framework
for generating the indentation data required for subsequent modeling. In Section 4, the two
core machine learning models used in this work are introduced. Section 5 features a perfor-
mance analysis and a comparative discussion of the aforementioned models. Summary
and conclusions are given in Section 6.

2. Methodology

The methodology for the construction of a model capable of predicting the stress—strain
curve of metallic materials from several Brinell hardness tests is as follows:

e A database of Brinell indentation force-diameter trace pairs was created. The database
was created using finite element modeling of Brinell indentation tests with various
generated materials, together with several real indentation experiments on different
metal alloys.

e Two models were considered in this study—an in-house learning model and the
popular Extreme Gradient Boosting algorithm [35]. These two models were then fused
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to create two additional models (their architecture is shown in Section 5). All models
were designed to use force-diameter trace pairs of a Brinell indentation test (requiring
a minimum of two pairs) as input and generate a stress—plastic strain curve as output.

o All four models were trained using the database created in the first stage, and
their prediction performance was analyzed and compared to that of the traditional
Tabor model.

An overview of the methodology is shown in Figure 1. Note that the prediction of
the stress—strain curve does not include the necking stage, i.e., no damage effects. Strain-
rate dependence is also not considered since strain rate sensitivity in metallic materials is
negligible at room temperature for most metallic materials. It is important to note that the
finite element computations are only used to construct the database to train the machine
learning prediction tool. Once created, no further finite element analysis is required in
order to utilize the prediction tool described in this study.

Ev Finite Element Modeling:

Linear isotropic elasticity
J: plasticity

O'y, K’ n Ludwik hardening model
Simulated indention
fests

Train set Validation set Simulation Experimental
i is ial

140 materials materials test set test set

40 materials 7 materials

Model training

XGBoost
model

In-house
mode 1l

Combined
models

Models
testing

Predicted vs true
stress-strain
curves of tesat set

Figure 1. A flow chart representing the methodology used in this research.

3. Database Creation for the Machine Learning Algorithm

Using finite element modeling, Brinell indentation tests were simulated for 205 sets
of metallic materials with a distinct stress—strain response. In addition, a total of seven
different materials on which physical indentation tests were performed were also used, as
will be described later. In total, the force-displacement indentation response for 212 metallic
materials was utilized in the current study. The database was then divided into three
150:15:47 train—validation—test subgroups or sets. The training set is used to construct the
prediction models (i.e., identify missing functions/coefficients that define the prediction
models). The validation set is used to tune hyper-parameters of the XGBoost-based models.
The testing set is solely used to test every prediction model used in this work. All seven
materials that were experimentally tested are only featured in the test set, while the rest of
the test set includes simulated indentation tests.



Metals 2025, 15, 40

50f 20

In the finite element analysis, the materials were modeled as elastoplastic using the
J2 yielding criterion with isotropic strain hardening. The elastic response was assumed
to obey Hooke’s law, with Young’s modulus of 70 GPa and Poisson ratio of 0.33, known
to be the moduli of aluminum alloys. However, this choice of parameters does not limit
this work to aluminum alloys alone, as initial simulations verified that for different elastic
moduli of common metal alloys, the variation in the indentation results is negligible.

The elastoplastic mechanical behavior was modeled using the Ludwik form:

7 = 0y + Ke! 3)

where ¢ and €p are the equivalent stress and plastic strain, respectively, and oy, K, n are
material parameters.

For the training set, a material database was constructed using different values of
0p, K, n. The parameters chosen are shown in Table 1, resulting in a total number of
5 x 6 x 5 =150 materials modeled. Eventually, relatively high-strength materials, which
have either 0y = 425 [MPa] and K = 525 [MPa], or oy = 425 [MPa] and K = 825 [MPa], were
omitted from the materials database (ten materials in total, as each (0y, K) combination
has 5 different values of n). This is because their high strength did not produce valid
indentation traces using the indentation forces chosen for this work.

Table 1. Ludwig parameters chosen for the materials database.

oo [MPa] K [MPa] n
25 125 0.1
125 225 0.2
225 325 0.3
325 425 04
425 525 0.5

-- 825 -

For the validation and numerical test sets, the materials were constructed using
uniformly distributed Ludwik coefficients, where the distribution’s extreme values are
those of the training set. Experimental indentation data was obtained for seven materials.
Two materials were taken directly from Richmond et al. [36], labeled as high and low-work
hardening materials, respectively. The other five materials, which are Al1100, Al6061-Tb6,
Al7075-T6, and brass and copper alloys, underwent experimental indentation using a
Zwick uHU indentation machine, with indentation forces of 62.5, 153.065, 315.125, 625.25,
and 1873.5 kgf. However, for some materials, not all forces were used, since some of them
resulted in traces that were either too small or too big to visually determine their diameter.
Specimens used for indentation had a thickness of at least 6 mm and a width and height of
at least 10 times the indentation diameter. The five materials also underwent tensile tests
using standard dogbone specimens. Testing was carried out using a Zwick/Roell 100 kN
Allroundstanding (Ulm, Germany), with a loading rate of 1 [mm/min]. All specimens were
loaded until fracture. All seven materials were used solely for testing the prediction models.

For every material set (train, validation, and test), every stress—strain curve was
processed so that its yield point (0y) is defined as the conventional 0.2% yield point offset.
This was conducted to better align with engineering interpretation conventions of stress—
strain data.

An illustration of the curve processing is shown in Figure 2, and a graphical represen-
tation of the entire material database after processing can be seen in Figure 3. Note that
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every curve representation in this study is a true stress—strain curve. It should be noted
that during the FE computations, the hardening curves of the materials were input directly
into ABAQUS 2021 using the Ludwik equation parameters (different parameters for every
material), which allow for generating the hardening curves automatically.

Stress

Strain

Figure 2. Procedure for extracting the 0.2% yield point offset. The dashed curve is removed from the

material curve.

Training set Validation set

/// 500 4

400

1000 A

800 +

600 -
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Figure 3. A graphical representation of the stress—strain curves of all modeled materials.

Finite Element Modeling

Numerical indentation tests were carried out for all materials in the material database
using the ABAQUS 2021 commercial software [37]. A 2D axisymmetric model of a specimen
and an indenter was constructed, as can be seen in Figure 4. The specimen height was
chosen to be 10 mm. This is in order to make sure that the height is at least ten times
larger than the indentation depth, as is required according to the standard test method
for the Brinell hardness [2]. The material model is the one described in the previous
section. In contrast, the indenter was modeled as a rigid body, as the indenter’s material,
tungsten carbide, has far larger yield stress than the tested materials. Penalty contact was
enforced between the specimen and the indenter, with a friction coefficient of 0.2. This
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friction coefficient provided the best fit for the different experimentally tested materials.
A two-step implicit scheme was chosen, such that the first step is applying load to the
indenter, and the second step is unloading. The boundary conditions given for the model
include a prescribed force for the indenter, a fixed bottom region of the specimen, and
no displacement in the radial direction of the r = 0 plane for both parts. The force values
chosen for the indenter are the same as those used for the experimental indentation tests.
To minimize discretization error, the convergence of the solution with respect to mesh size
must be verified [38,39]. A convergence test for the maximum equivalent stress, plastic
strain, and internal energy was conducted, in which 21k degrees of freedom proved to be
sufficient for achieving convergence, as can be seen in Figure 5. Finally, Figure 6 shows the
equivalent stress and equivalent plastic strain fields, which were obtained while applying a
load of 306 [N] and unloading. It can be seen that maximum deformation occurs near the
end of the region of contact between the indenter and the specimen.

Figure 4. A two-dimensional axisymmetric indentation model was used for indentation data

generation.
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Figure 5. Solution convergence tests for the indentation model, including equivalent stress, equivalent
plastic strain, and internal energy. The number of DOFs used following verification is marked by a

black circle.
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S, Mises
(Avg: 75%)

S, Mises
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PEEQ
(Avg: 75%)
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Figure 6. Equivalent stress and equivalent plastic strain during load application and after unloading.

Calculating the indentation trace diameter was conducted by mimicking the procedure
used in a real indentation test. For every numerical indentation test, a snapshot of a view
normal to the specimen surface was taken. In the view, the r-coordinate of the end of
the indentation contour was probed, being the indentation trace radius. This process is
illustrated in Figure 7.

Figure 7. Indentation trace generated in the numerical model, from which the indentation diameter
was calculated. The probed point, acting as the trace radius, is indicated with a red circle.

After having established the numerical model and the means to obtain the indentation
diameter, a validation test was conducted for the model by comparing experimental and
numerical obtained indentation diameters for all five metals participating in the experi-
mental section of this study under an applied load of 306 N. The test results, which are
summarized in Table 2, suggest a good agreement between experimental and numerical
results, with an average relative error of 4.7 £ 2.7%.
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Table 2. Comparison between indentation trace diameter obtained from the experiment and a
numerical model for the five metals. The applied load was 306 [N].

Material Al6061-T6 Al17075-T6 Al1100 Copper A17075-400
Experimental
Indentation trace diameter [mm)] 0.602 0.504 1.046 0.667 0.564
Computed indentation trace 0.62 0.49 0.992 0.602 0.548
diameter [mm)]
Relative error [%] 2.9 2.8 5.1 9.7 2.8

4. Machine Learning Models

As mentioned in the methodology section, two main algorithms are utilized in this
study. The first is an in-house statistical algorithm developed, and the second is known as
the Extreme Gradient Boosting algorithm [35].

4.1. In-House Statistical Algorithm

Consider a typical Brinell indentation procedure featuring indentation force F, indenter
diameter D, and trace diameter d. We define a pseudo equivalent plastic strain and pseudo
equivalent stress measures for the indentation trace, termed as ¢, and ¢, respectively. These
pseudo measures are defined as follows:

f o~ d

ﬁ} SP:B 4)

g =
The model’s core assumption is that both o and Zp are connected to the material’s
true equivalent stress o and plastic strain €”, and that this connection is true for all metallic

materials. In other words, that there exist functions S and &, such that:

& Zp — g
~ [~ ®)
S: a(ep) — 7 (gp)
Identification of £, S is conducted by exploring the constructed database in the pre-
vious section and trying to find correlations between both spaces (‘true” and ‘hardness’),
rather than by trying to devise analytical relations.
We first employ Meyer’s law [3] (Equation (6)) on the database.

~m

o =ke, (6)

where k, m are material coefficients, which are obtained using linear regression on the term
shown in Equation (7).
Ino =Ink+mln, )

We then define a sub-function 8; C S, which maps the pseudo equivalent stress ¢ to
the true equivalent stress ¢ for a single pseudo strain value Z,,l.. ie.

0; =48 (;1)
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where:

By applying Meyer’s law from Equation (6):

7, (5 (Epi)) — 5 (kEZZJ )

Equation (9) outlines the scheme for finding £ and |Js; = S. Given a vector of desired
— — ~
strains g,. We search for every g, € €, and its complementary ¢, which produces a good

correlation between the left and the right terms of Equation (9), for all of the materials in

the train set. This is achieved by choosing a pair of (g, Ep> , and for that pair, plotting
(o, ;) points for every material in the database (each material has a single (o, ;> for a
given (&, ZP) , as the rest of the parameters (Y, K, n, k, m) are material constants). Then,

the g, value is held constant, and the Ep is iteratively changed until the tightest possible
spread (indicated by the R? value) of the data points is achieved.

Initially exploring the database, we find that some (Ep, Ep) pairs do yield a good
correlation for all materials in the training set. An example of this can be seen in Figure 8.
A second-order polynomial fit was added to the scatter plot, which features a good fit, as
indicated by the R? value of 0.9952. As the pair shown in Figure 8 provides the tightest
spread of data points, it also offers the best fit for all polynomial functions tested, up to a
polynomial rank of 6.

(£, €p) = (0.1, 0.608)

0 200 400 600 800 1000
o [MPa]

Figure 8. Equivalent stress vs. hardness pseudo stress for every material in the database, together
with a 2nd-order polynomial fit, for the (0.1, 0.608) pair of the equivalent strain and hardness
pseudo strain.

Based on this finding, we assume that all .8; sub-functions can be defined as 2nd-order
polynomials:

T = 8 (‘%) =D (%‘) (10)



Metals 2025, 15, 40

11 of 20

4.2. Model Training

Training this model is essentially identifying £ and S for a given database. From
Equation (10), it seems that S is a collection of 2nd-order polynomials. Therefore, an
algorithm is utilized to find a 2nd order polynomial fit, such as shown in Equation (10), for
every strain point in the vector € sp = [0,0.3], in increments of 0.001. For every g, € sp, the
algorithm performs the following tasks:

Seeks for the pair (Ep,z,,) , which gives the lowest sum of squared residuals of the
polynomial fit.

Calculates the absolute error (L1 norm) of the curve F(;) for the best fit obtained (in

other words, the prediction error of @ for a given o).
~ ~ —
Applying it, both a (s P ép) pair and a 5(0) curve were identified for every g, € g,

thus defining £ and S functions. Their 3D representations are shown in Figures 9 and 10.

0.10
0.15
0.20 “*
0.25

250
0 0.30

750
G 500

Figure 9. A graphical representation of S. Black lines represent a single material hardening curve.

0.30

o
'W0.15
0.10

0.05

0.00
000 025 050 075 100 125 150 175

Z

Figure 10. A graphical representation of £.

An error analysis was conducted by calculating the absolute error between each one
of the graphs shown in Figure 3 and their prediction using the following formula:

0oyl i
y Yiest — Ypred : Tored 1 00% (11)
i=1 Yiest

where Y. is the true flow curve, Ypred 1S the predicted flow curve, and 7 is the number
of the discrete points from which describe the flow curve. Figure 11 shows the absolute
measured error as a function of the equivalent plastic strain, for all the materials in the
training dataset. It seems that for €, = 0 (i.e., the yield point), the error renders the model
unable to predict the yield stress. However, it rapidly drops with the increase of plastic
deformation with €, = 10% showing the minimal error, which is around 9 MPa.
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Figure 11. Absolute error in predicting a material flow stress as a function of the plastic strain. The
black line within the gray region represents the average and standard deviation of the calculated
error for all materials used to train the model.

4.3. XGBoost Algorithm

XGBoost, an abbreviation for Extreme Gradient Boosting, belongs to the family of
gradient boosting algorithms, which sequentially builds an ensemble of decision trees, with
each subsequent learner focusing on the errors made by the previous ones. The following
section briefly summarizes the XGBoost algorithm. A comprehensive overview can be
found in Chen and Guestrin [35].

Given a training dataset (X, y), where X = (x1, xp, ..., Xxj) represents features and
v = (Y1, Y2, ..., yn) denotes labels, the model aims to learn a model F(X) to predict y.
The objective function is as follows:

K

L=y Wi F(xi))+ ) Ofi) (12)

1 k=1

=

where [ is the loss function measuring the prediction deviation, Q( fx) is the regularization
term penalizing model complexity, and K is the number of weak learners. The regularization
term is as follows:
.G,
Q(fy) =T+ 5)\2@ (13)
]:

where T is the number of leaves in the fi tree, w; are leaf weights, and v and A are
regularization parameters.

The algorithm utilizes gradient boosting, sequentially adding weak learners to mini-
mize the objective function. Each iteration fits a tree f to the negative gradient of the loss
function with respect to the ensemble prediction:

IL(¢) }
e = — { (14)
S CTIE) P
The tree is then added to the prediction ensemble:
Fe(X) = F(X) + 11 fie(X) (15)

where 7 is the learning rate.



Metals 2025, 15, 40

13 of 20

4.4. Model Training and Validation

The XGBoost model was constructed using the XGBoost open-source library for
Python [40]. An XGBRegressor instance was called with initial hyper-parameters and a
root mean squared error as the evaluation metric. Using the GridSearchCV class from the
scikit-learn library [41], both model training and hyper-parameter tuning (using a grid
search) were conducted using the training and validation data shown in Section 3.

The parameter grid used for the grid search can be found in Table 3. Detailed explana-
tions of each parameter can be found in the software documentation [40].

Table 3. Parameter grid used for hyper-parameter tuning.

Parameter Name Values Tested
n_estimators 10,000 with an early stopping after 5
learning_rate [0.01, 0.1, 0.3]

max_depth [3,7,10]
min_child_weight [0, 5,10]
subsample [0.5,0.7, 1]
colsample_bytree [0.5,1]
gamma [0, 5, 10]
reg_alpha [0.2,0.8]
reg_lambda [0.2,0.8]
Cross-validation 5

For the features selection for the database (i.e., the features chosen for each material,
used by the model to predict the flow stress curve), initial tests proved that instead of
using the raw force and diameter measurements from the indentation, using the Meyer
coefficients and the calculated Brinell hardness yields better predictions. Therefore, these
three were selected to be used as features.

Overall, the dataset for training, validation, and testing is a matrix Xij, where i is the
ith material, and j is either k, m, or the Brinell hardness measurement, which is calculated
using Equation (1) [5].

5. Results

Using the two algorithms shown in the previous section, three different models were
trained on the indentation database (that can also be seen in Figure 12):

e An XGBoost model for predicting the entire flow stress curve.

e  An XGBoost model for predicting the yield stress, and an in-house model for predicting
the hardening curve. This split between the two models stems from the in-house
model’s inability to predict the yield stress, as shown in Figure 11.

e Anin-house model’s initial prediction for the entire flow stress curve, fed as an input
to a subsequent XGBoost model for predicting the entire flow stress curve. This
is performed in order to check whether the XGBoost model’s performance can be
improved using the in-house model’s prediction (without the yield stress).

For each model, the training phase was conducted as laid out in sections 0 and 0 for
the in-house and XGBoost algorithms, respectively.
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Figure 12. Illustration of the three tested models.

Prediction Results and Discussion

Due to the larger absolute error for plastic strains greater than 0.15 presented in
Figure 8, it is more useful to limit the model to predictions in the range of [0, 0.15] plastic
strain. It should be noted that the uniform elongation of many metallic materials typically
falls within the range of 0-15% true plastic strain. Some examples include but are not
limited to, Al6061-T6, Al7075-T6, and Al2024-T351. This makes the range of [0, 0.15]
examined in this study highly applicable for many engineering applications. Nevertheless,
the methodology presented in this study can be applied to materials with greater ductility,
provided that the database used for training the model is expanded to include materials
with greater uniform elongation. In any case, it is important to understand that the model
cannot predict the stress—strain response past the point of ultimate stress.

Predictions using the in-house model utilized 31 strain points equally dividing the
strain range—30 points for the hardening curve and 1 yield point. Predictions using the
XGBoost model utilized 6 strain points—5 for the hardening curve and 1 yield point.
Increasing the number of points in the XGBoost model comes at the expense of higher
computation time with roughly the same prediction error.

Prediction error was determined using two metrics:

e  The relative error defined as follows:
e  The root mean squared error defined as follows:

120 . . 2

RMSE[MPa] = \/Tl Zl (yiest - ]/pred) (16)

i=

where yiest is the true flow curve, y,,.4 is the predicted flow curve, and 7 is the number of
the discrete points from which the flow curve is consisted of.

A summary comparison of the prediction errors of all four models can be found in

Figure 13 for both the yield stress and the entire flow stress curve predictions. The bar
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graphs represent the average error (relative and root mean squared) among all tested
materials, while the error bars represent the standard deviation of the average values.
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Figure 13. Relative error and root mean squared error comparison between all four models. (Left)
flow curve. (Right) yield stress.

Comparing the yield stress prediction performance, it can be seen that models I
through III outperform the Tabor model, which has a relative error of about 25%. Further-
more, all these three models roughly share the same prediction error. This makes sense
since all of them are essentially using the XGBoost algorithm for the yield stress predictions.

Performance based on the material’s yield stress:

Looking at the models’ performance for the entire curve prediction, it seems that model
II features the lowest relative and RMS errors. The Tabor model manages to score the same
RE as Models I and 111, albeit with a higher RMSE compared to them. This suggests that
Tabor’s RMSE is proportional to the ‘height” of the flow curve. In contrast, the rest of the
models” RMSE is more randomly distributed (so that cases of high RMSE for low-strength
materials heavily increase the RE). To further investigate this matter, the performance of
both the Tabor model and Model II was evaluated based on the yield stress of the tested
material. The results of this analysis, presented in Figures 14 and 15, show that the RMSE of
the Tabor model increases for materials exhibiting a higher strength. This implies that the
higher the strength, the worse the stress—strain prediction using Tabor’s model. In contrast,
Model II features a relatively similar RMSE regardless of the material’s strength.

Another interesting finding is that for yield stress prediction for materials with a yield
stress in the range of up to 100 MPa, it seems that the Tabor model outperforms Model II,
both in RMSE and RE metrics. Because of this, Model Il is updated to use the Tabor model
for yield stress prediction if the initial prediction of the model suggests a yield stress lower
than 100 MPa.

Flow curve prediction errors
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Figure 14. Flow curve prediction errors, based on the yield stress of the predicted material. (Left)
relative error. (Right) root mean squared error.
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Figure 15. Yield stress prediction errors, based on the yield stress of the predicted material. (Left)
relative error. (Right) root mean squared error.

Performance based on the maximum plastic strain to be predicted:

Another matter to be inspected is how the error metrics distribute as a function of the
maximum plastic strain. Recall that until now, all flow curve predictions were performed
with the strain range €, = [0, 0.15]. Since the prediction error for the yield stress is different
than that of the entire flow curve for all tested models, it is safe to assume that there is a
variation in the error as the flow curve progresses in plastic strain. In other words, that the
prediction error for the strain range g, = {0, gy } is dependent on the chosen g,".

Investigating the matter, predictions were carried out for EZ“” = [0, 0.03, 0.05, 0.075,
0.1,0.125, 0.15] (€, = 0 is essentially yield stress prediction), for Model Il and the Tabor
model (the reference model), with the results shown in Figure 16. Model II manages to
keep its relative error below 5% throughout the inspected strain range, keeping both errors
constant from 0.05 plastic strain onwards. In contrast, the Tabor model exhibits a relative
error higher than 10% for plastic strain values lower than 0.1. The decrease in error as the
plastic strain increases is not surprising since the Tabor model assumes fully developed
plastic deformation beneath the indenter [4], which is not the case at the onset of yielding.
This is also why the Tabor model shows high prediction errors for materials exhibiting
higher yield stress—since the plastic strain under the indenter is not fully developed due
to the higher elastic deformation.
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Figure 16. RE and RMSE as a function of the maximum plastic strain chosen for the flow curve
prediction.

Prediction of materials used in real indentation tests:

Figure 17 and Table 4 show a comparison between Model I-generated curves and true
curves of the experimentally tested materials (refer to Section 3). The true curves of the
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experimentally tested materials were obtained using classical uniaxial tensile experiments
(some of the materials had their curve extrapolated using their Ludwik parameters, as their
uniform elongation was lower than 0.15). Note that the two materials taken from Richmond
et al. [36] do not feature a yield stress, as it was not reported in the original paper.
Al6061-T6 Low hardening material richmond et al. 1974
P ST ]
400 - . — 400 - "’.ﬂw* S e =
© 300 4 = 300 A
o o
= 2
g 200 - g 200 -
& —e— Tabor @ —e— Tabor
1005 Model Ii L Model II
— True — True
0 . . . . . . . 0 . . . . . . .
0.00 002 0.04 0.06 008 010 012 014 016 0.00 002 0.04 006 0.08 010 012 014 016

Plastic strain [%] Plastic strain [%]

High hardening material ichmond et al. 1974 Al1100-H
250 150
—e— Tabor
200 A Model Il a 125 _W
_ — True —
© © 100 A
") w 751
%] wn
£ 100 A &
v | Tabor
50 4 25 Model Il
— True
0 T T T T T T T 0 T T T T T T T
0.00 0.02 0.04 0.06 0.08 010 0.12 0.14 0.16 0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16
Plastic strain [%] Plastic strain [%]
Al7075-T6 Al7075-400
c00 —_ 600 -
~ | 500
g &
S 400+ S 400
g g 300 A
Y 500 4 —— Tabor 9 200 f —— Tabor
Model Il 100 4 Model Il
— True — True
0 T T T T T T T 0 T T T T T T T
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.00 0.02 0.04 0.06 0.08 010 0.12 0.14 0.16
Plastic strain [%] Plastic strain [%]
Copper
W
300 A o=t
250 -7“‘&
g
= 200
g 150 -
Y 100 4 —e— Tabor
50 4 Model Il
— True
0

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16
Plastic strain [%]

Figure 17. Model II-generated stress—strain curves of the experimentally tested materials compared

to true curves (Data for low and high hardening material taken from [36]).
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Table 4. Relative and root mean squared prediction errors of Model II, for the experimentally tested

materials.

Relative Error [%] Root Mean Squared Error [MPa]

Material Yield Stress  Entire Graph Yield Stress Entire Graph
Al6061-T6 3.7 59 11.0 21.4
Articlel - 0.6 - 3.3
Article2 - 8.0 --- 14.3
Al1100-H 21 114 2.3 15.0
Al7075-T6 0.5 4.0 2.6 25.8
A}Zgﬁrggge dC 3.2 5.0 11.0 25.0
Copper 34 49 8.4 14.2

Overall, a good fit is seen for all materials, with only the Al1100-H featuring a relative
error higher than 10%. This comparison suggests that the proposed model manages to
predict the flow stress curve from real indentation tests as well.

6. Summary and Conclusions

In this study, a data-driven approach that leverages machine learning and finite
element analysis was used to construct a model that predicts the stress—plastic strain curve
of metallic materials from a minimum of two indentation tests. The final model, termed
‘Brilearn’, consists of several sub-models, which are as follows:

e A Tabor model for predicting the yield stress of metals with a yield stress lower than
100 MPa.

e  An XGBoost model for predicting the yield stress of metals with a yield stress higher
than 100 MPa.

e Anin-house developed model for predicting the hardening curve.

The model features error predictions of 8.4 & 8.5% for the yield stress and 3.2 4 4%
for a complete curve ranging from &’ = 0 to €’ = 0.15.

To practically use the ‘Brilearn’, first download it from the online repository (see data
availability statement).

Then, the following steps are taken:

a. Conduct Brinell hardness tests with different values of indentation forces. A min-
imum of two tests with different forces is required, although more test data will
ensure more accurate results.

b.  Convert the force and trace diameter data from the hardness tests to the pseudo
stress and pseudo strain values using Equation (4).

c. Identify the Meyer coefficient of the material using the values calculated from
Equation (4). Note that the model contains a tool for automatically identifying
these coefficients (see the data availability statement for an online repository where
the ML-model and tools can be found).

d.  Input the Meyer coefficients and the Brinell hardness values measured in the ML-
model to generate the material hardening curve.

The model is especially suited for the determination of the stress—plastic strain curves
for components in service since only two simple indentation tests are required.
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