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Abstract: This study presents a novel inverse identification approach to determine the elastoplastic
parameters of a 2 µm thick GaN semiconductor thin film deposited on a sapphire substrate. This ap-
proach combines instrumented nanoindentation with finite element (FE) simulations and an artificial
neural network (ANN) model. Experimental load–depth curves were obtained using a Berkovich
indenter. To generate a comprehensive database for the inverse analysis, FE models were constructed
to simulate load–depth responses across a wide range of GaN thin film properties. The accuracy of
both 2D and 3D simulations was compared to select the optimal model for database generation. The
Box–Behnken design-based data sampling method was used to define the number of simulations and
input variables for the FE models. The ANN technique was then employed to establish the complex
mapping between the simulated load–depth curves (input) and the corresponding stress–strain curve
(output). The generated database was used to train and test the ANN model. Then, the learned ANN
model was used to achieve high accuracy in identifying the stress–strain curve of the GaN thin film
from the experimental load–depth data. This work demonstrates the successful application of an
inverse analysis framework, combining experimental nanoindentation tests, FE modeling, and an
ANN model, for the characterization of the elastoplastic behavior of GaN thin films.

Keywords: nanoindentation; GaN thin films; elastoplastic; load–depth curves; machine learning;
finite element method

1. Introduction

Gallium nitride (GaN) semiconductors including their doped forms using various
doping elements, e.g., Si, Al, In, Mg, Zn, C, etc., which are grown using the metalor-
ganic vapor deposition method, have emerged as a pivotal class of materials in modern
electronics due to their exceptional electronic, optical, and thermal properties that have rev-
olutionized various technological domains [1,2]. With their wide bandgap and exceptional
physical properties, GaN thin films have found applications ranging from light-emitting
diodes (LEDs) [3,4] and power electronics [5] to radio frequency (RF) devices [6], microelec-
tromechanical systems (MEMSs) [7], optoelectronic sensors [8], and they have even been
considered for applications in severe radiative environments, as in the spatial or nuclear
industry [9]. While much attention has been directed towards GaN thin films’ electrical and
optical features [10,11], the mechanical properties of GaN thin films have gained substantial
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interest in recent years as well [12–14]. The mechanical characteristics of GaN thin films
hold immense significance due to their impact on the reliability, performance, and overall
functionality of devices, which are essential for various electronic applications, enhancing
the mechanical integrity of devices, improving efficiency, and increasing the lifespan of
electronic products. Determining the mechanical behavior of GaN thin films is essential
not only for optimizing their design and performance but also for unlocking new avenues
for their integration into cutting-edge technologies [15]. Traditional experiments such as
tensile and compression tests are commonly used for the mechanical characterization of
the elastoplastic behavior of bulk materials. However, these macro techniques are not
suitable to measure the stress–strain curve, reflecting the elastoplastic behavior of mate-
rials at the nanoscale and mesoscale because of the size effect phenomenon issue [16,17].
Fortunately, the rapid development of devices for load and depth measurement has led to
the emergence of nanoindentation techniques, which are more effective than traditional
tensile or compression experiments to determine the stress–strain curves [18]. Nowadays,
nanoindentation techniques are widely used to measure the elastoplastic properties of
materials at the nanoscale [12,19–21]. Consequently, these methods are mostly adopted
in various fields of materials science, such as thin film ceramics, metals, semiconductors,
polymers, and biomaterials [22–25].

In recent years, artificial neural networks (ANNs) and other machine learning (ML)
tools have been used in many different investigations including the prediction of pre-
cipitated secondary phase volume fraction, indentation curves, and the forecast of the
microstructure, key mechanical properties, fatigue, creep, and ductile fracture properties
among other applications [14,26–28]. Therefore, these methods have become a standard
way to study and interpret complex experimental data and to predict how the mechanical
properties of materials, as a function of a wide range of parameters, will change depending
on their microstructure and other factors. Nanoindentation-based numerical methods for
identifying material-related elastoplastic properties can make outstanding progress in the
determination of accurate material properties, particularly the stress–strain relationship of
the thin film’s material. However, it remains a challenging task to conclusively determine
whether the elastoplastic characteristics of a material can be uniquely identified [29,30].
More research has revealed that the intricate connections between substrates and thin film
elastoplastic characteristics impede the use of classical computational techniques [31].

Recently, Park et al. [32] and Lu et al. [33] developed an ANN-based inverse analysis
methodology to identify the mechanical properties of bulk metallic glass materials and
metals through ML from instrumented nanoindentation using specific parameters such as
total indentation energy, material stiffness, and maximum load. Meanwhile, Jeong et al. [34]
developed an ANN-based inverse method to determine the stress–strain curves for various
bulk metallic materials using finite element simulation datasets of load–depth (P-h) curves.
Wang et al. [35] developed the nanoindentation method to identify the elastic parameters
of a ZnO thin film as a transversely isotropic material by combining the nanoindentation
test with finite element method (FEM) simulation.

In this study, a novel inverse identification-based instrumented nanoindentation
test is developed to identify, for the first time, the elastoplastic parameters of a 2 µm
thickness GaN semiconductor thin film deposited on a sapphire substrate. Experimental
(P-h) curves are obtained using a Berkovich indenter. Then, 2D and 3D finite element
(FE) models are developed to generate a database of simulated (P-h) curves for various
ranges of film properties. Based on this range of properties, the design of an experiment
using Box–Behnken design-based data sampling is established to define the number of
simulations and the used input variables to run the numerical simulations. The accuracy
of the simulation results using either 2D or 3D FE models are compared to finally use the
target FE model for the generation of the database. The complex mapping between the
input and output variables in the inverse analysis is achieved using the ANN model. The
generated database of (P-h) curves is used for the ANN model training and testing. Once
the ANN model is optimized (i.e., adequately trained and tested), the experimental (P-h)
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curve of the GaN film is introduced to determine the stress–strain curve, representing the
elastoplastic properties of GaN thin film.

This study demonstrates the efficiency of the inverse method using the ANN model
for the accurate identification of the elastoplastic properties of GaN thin films from experi-
mental nanoindentation data.

2. Materials and Nanoindentation Experiments
2.1. Growth Process

The gallium nitride (GaN) sample was grown on (0001) c-plane sapphire substrates us-
ing an atmospheric pressure metalorganic chemical vapor deposition (MOCVD) technique.
Principally, 10 standard liters per minute (slm) of trimethylgallium (TMG) and 3 slm of
ammonia (NH3) were used as precursors for gallium and nitrogen, respectively. The carrier
gas was 3 slm of nitrogen (N2). First, the sapphire substrate was nitridated under ammonia
and nitrogen for 10 min at 1110 ◦C. Then, a 30 nm GaN buffer layer was deposited on
the substrate at a temperature of 600 ◦C. Thereafter, the temperature rose from 600 ◦C to
1110 ◦C for the subsequent growth of a GaN layer with a thickness of approximately 2 µm.

2.2. Nanoindentation Experiments

Nanoindentation experiments were conducted using a NanoTestTM NT1 nanoindenta-
tion instrument (NanoMaterials, Ltd., Wrexham, UK), which was equipped with a diamond
pyramid-shaped Berkovich-type indenter. The Berkovich indenter has a three-sided pyra-
midal shape with a half angle of 65.3◦. Prior to the measurements, the nanoindentation
system was fully calibrated using fused silica as a standard sample. The tip-end curvature
radius of the Berkovich indenter was determined using Hertzian analysis, yielding a value
of 500 nm. All nanoindentation tests were performed at room temperature, using the load
rate-control mode. The maximum applied loads (Pmax) reached up to 15 mN. To ensure the
reproducibility of the results, a minimum of twenty independent tests were conducted on
the GaN sample. During the nanoindentation tests, the maximum load was held constant
for a dwell period of 30 s to account for the thermal drift. Additionally, to prevent interfer-
ence between neighboring indents, each indentation was spaced apart by 30 µm. Notably,
all indentation depths remained below 10% of the film thickness, guaranteeing that the
influence of the sapphire substrate on the properties of the GaN film was negligible.

3. Identification Methodology
3.1. Finite Element Modeling

Finite element modeling (FEM) has emerged as the leading and most prevalent tech-
nique for simulating the nanoindentation process [36,37]. Finite element analysis is used
to simulate the elastoplastic behavior of the GaN thin film. The numerical model is built
and employed to produce datasets of nanoindentation load–depth curves. The mechanical
responses are obtained based on various ranges of the elastoplastic material properties of
the GaN thin film. To better account for the realistic contact between the indenter and the
indentation imprint, three FE models are built. First, a 2D axisymmetric model is considered
with a 2D equivalent conical-shaped Berkovich indenter. Second, a 3D model is developed
with a 3D equivalent conical-shaped Berkovich indenter. Finally, a 3D model is constructed
using a 3D Berkovich indenter by considering the indenter tip radius. The accuracy of the
models’ response is recorded along with the computational time cost, for the purpose of
comparison. FE models are constructed using ABAQUS Standard. In these FE models,
thin films are assumed as deformable semi-infinite media, and the maximum indenter
depth is kept shallow regarding the total film thickness. However, seeking simplicity, the
indenter is assumed as a rigid body [38,39]. This assumption simplifies the computational
model by negating the need to account for indenter deformation. The rationale behind
this assumption lies in the significant stiffness disparity between the indenter, such as a
diamond indenter in this study, and the GaN sample material. However, there are some
examples of materials (as a general rule, we refer here to materials with an elastic stiffness
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more than 10% of that of the indenter and a yield strain higher than 1%, as well as to
penetration depths less than ~5 times the characteristic tip defect length of the indenter)
where accounting for the indenter deformation is important to obtain accurate hardness
and modulus values [40]. The appropriate boundary conditions are applied depending
on the used FE model among the three built models. For all models, the nodes on the
bottom are subjected to fixed boundary conditions. Notably, mesh refinement is particu-
larly applied in the region underneath the indenter, where very small elements of around
5 nanometers of size are used. But, as being far away from the indentation zone, the element
size is gradually augmented to reduce time computation without losing the accuracy of the
simulation results.

The 2D axisymmetric model is constructed using a total of 8353, 4-node bilinear ele-
ments with reduced integration (CAX4R) and 7922 nodes (see Figure 1a, top). The indenter
in the axisymmetric assumption is an equivalent conical-shaped Berkovich indenter with
a half angle of 70.3◦, as the projected area is identical to that of the original pyramidal
Berkovich indenter [41]. The conical-shaped Berkovich indenter is featured by a tip radius
of 500 nm equivalent to the indenter tip radius used in experimental nanoindentation tests.
As illustrated in Figure 1b, specific boundary conditions are applied to this type of FE
model. The bottom surface of the deformed media is fixed for all degree of freedom (i.e.,
fixed boundary condition is implemented), while axisymmetric boundary conditions are
applied to the left side in the z-direction. A reference point (RF) is defined to represent
the rigid body indenter, and a displacement of 170 nm is associated with this reference
point. Furthermore, the contact between the indenter and the film imprint is modeled
using the implemented *surface to surface contact condition in Abaqus. The friction is taken
into consideration using the penalty method [42]. The 3D FE model with a 3D equivalent
conical-shaped Berkovich indenter is built using a 10-node quadratic tetrahedron (the
C3D10 element in Abaqus) that offers high accuracy for complex geometries. This makes
it a preferred choice for 3D FE nanoindentation simulations where capturing the precise
contact mechanics between the indenter and the material is vital. For symmetry reasons,
one-quarter of the model was considered and defined by 119,005 nodes and a total of
83,443 elements (see Figure 1a, bottom). The 3D equivalent conical-shaped Berkovich
indenter is a 3D analytic rigid body defined by a half angle of 70.3◦ and a tip radius of
500 nm. The third FE model is a 3D FE model with a Berkovich indenter featured by a tip
radius of 500 nm (see Figure 1c). The deformable part of the FE model is similar to the
second model; however, the indenter is a discrete rigid body and meshed using C3D4, a
4-node linear tetrahedral element. Figure 1d shows the complete 3D FE model used to
run nanoindentation simulations. The thin film behavior is assumed as elastoplastic with
isotropic linear elastic behavior and obeys von Mises yield criterion and the isotropic strain
hardening law of Swift-type.
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3.2. Elastoplastic Constitutive Model

Commonly, the uniaxial tensile test carried out on a dog-bone sample (at millimetric
scale) is used to characterize the mechanical behavior of bulk materials and accurately
provide the stress–strain curve. However, for thin films, this conventional method is not
suitable due to limitations in their applicability at micro/nanometric scales. Alternative
techniques, such as nanoindentation, are necessary to obtain the appropriate mechani-
cal properties.

In this study, we assume that the GaN material behavior obeys the class of elastoplastic
materials, for which the total strain is decomposed into elastic and plastic parts, as given in
Equation (1).

ε = εy + εp (1)

where ε, εy, and εp represent the total, elastic, and plastic strains.
Commonly, to analyze the elastoplastic behavior of various materials, by investigating

the inverse analysis of materials using nanoindentation, the assumption for isotropic
materials is employed. This assumption relates the stress and strain through a piecewise
function, as given in Equation (2).

σ =

{
Eε (σ ≤ σy)

Kεn (σ ≥ σy)
(2)

where E, σy, K, and n are the Young’s modulus, the yield stress, the hardening modulus, and
the hardening exponent, respectively. In the plastic regime, the flow stress, representing
the elastoplastic behavior, could be expressed by the following equation.

σ = σy

(
1 +

E
σy

εp

)n
(3)

3.3. Data Sampling and Database Generation

Data sampling for generating a database is an essential step in the development of
ANN models. The goal of data sampling is to select a representative set of data that can be
used to train, test, and validate ANN models. The Box–Behnken design (BBD) is a type of
experimental design that can be used for efficient data sampling from a high-dimensional
space. The BBD is a fractional factorial design that is rotatable, meaning that the effects
of the factors are not confounded. This makes the BBD a good choice for sampling data
for ANN training, testing, and validation, as it ensures that the effects of the factors are
accurately estimated [43]. The BBD is used to obtain the design matrix of the FE simulations.
Table 1 lists the design matrix used to generate the FE results of the nanoindentation of
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the GaN thin film. In this work, the generated FE dataset contains 81 load–depth curves
corresponding to the maximum applied load of 15 mN. Then, 25 data points are used for
each curve, among them, the total work to the plastic work ratio (Wp/Wt) and the stiffness
(dP/dh) are included along with (P-h) data to consider with accuracy the indentation
information of the unloading curve (see Figure 2). Therefore, a matrix of [25 × 81] is
introduced as inputs in the ANN model.

Table 1. Design matrix using DoE and BBD for finite element simulation.

Test No. σy (GPa) E (GPa) n (-)

1 5 150 0.02
2 5 150 0.05
3 5 150 0.09
4 5 300 0.02
5 5 300 0.05

. . . . . . . . . . . .
80 6 450 0.09
81 7 450 0.09
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3.4. Artificial Neural Network (ANN)

Artificial neural networks (ANNs) are a type of supervised machine learning (ML)
algorithms that are inspired by the human brain. They are composed of interconnected
nodes, called neurons, that learn to process information and make predictions by adjusting
their weights and biases during the training process. The performance of an ANN is
based on the quality of the training data and the number of neurons and layers in the
network. This allows for the construction of a functional dependency between inputs
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and outputs. In this work, we developed an inverse analysis method for identifying
the elastoplastic parameters of GaN thin films using an ANN model which learns from
simulated nanoindentation load–depth curves.

Figure 2 shows the feed-forward ANN structure with one hidden layer connecting
the input and output layers. It is worth noting that the performance of the ANN model
substantially depends on the number of neurons in the hidden layer and the learning
rate. Therefore, a trial-and-error method was used to tune these parameters for the better
accuracy of the ANN model. The training sets uses backpropagation with the Levenberg-
Marquardt (LM) algorithm to update and determine the weights and biases of the neurons
of the ANN model. The activation functions used in the hidden and output layer are the
Logarithmic sigmoid (Logsig) and linear (Purelin) function, respectively. The input and
output datasets were normalized using a linear transformation. This normalization was
achieved to improve the training speed of the ANN model and to reduce the chances of the
model becoming trapped in local minima. Additionally, normalization helps to prevent the
ANN model from finding multiple solutions to the inverse problem [44,45].

It is important to note that the use of a limited number of training datasets for an
ANN model can make it difficult to obtain an effective network predictivity. However, it is
possible to train ANN models with limited datasets using regularization techniques, such
as either Bayesian regularization [46] or the early stopping method to avoid the problem of
ANN overfitting. Overfitting is a critical issue that can affect an ANN model’s performance,
when the ANN model prioritizes fitting the training data too precisely, at the expense of
its ability to generalize well to new, unseen data. Bayesian regularization does not require
a validation subset, but it is more computationally expensive. In this work, the so-called
early stopping method is used to avoid the overfitting of the network during the training
process. Therefore, this method is used to improve the generalization performance of
the network. The input datasets are randomly divided into three subsets: the training,
validation, and testing subsets. The training subset is used to learn the ANN model, the
validation subset is used to assess the generalization capacity of the model, and the testing
subset is used to assess the performance of the model on unknown data. The input dataset
is randomly partitioned into 70% for training, 15% for validation, and 15% for testing.
The error on the validation set is monitored during the training process. The training
stops automatically when the validation error starts to increase instead of continuously
decreasing the validation data’s mean square error (MSE). To verify the performance
and effectiveness of the network learning, additional virtual responses were randomly
generated using a finite element model. The parameters of these virtual responses were
known and within the range of the considered parameters. These virtual responses were
then used as extra virtual experimental inputs in the trained ANN model, assuming that
the corresponding parameters were unknown. This is an effective way to re-evaluate
the performance capacity of the trained network using additional input datasets that are
unknown to the network, thus avoiding multiple solutions to the inverse problem. More
details about the feature of the used ANN model are summarized in Table 2.

Table 2. The characteristics of the used ANN model.

Feature Feed-Forward Network

Learning method Supervised learning

Training method Levenberg–Marquart backpropagation

Activation function Log sigmoid (Logsig)
Linear (Purelin)

Number of layers 3 layers: (input, hidden, output)
([81 × 25], 10, [1 × 31])

Number of hidden neurons 10
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Table 2. Cont.

Feature Feed-Forward Network

Learning rate 0.01

Performance metric Mean squared error: (MSE)

Figure 3 shows the flowchart of the inverse identification approach used in this work
to identify the stress–strain curve of the elastoplastic behavior. The identification proce-
dure can be described in the following steps: firstly, the experimental data (load–depth
nanoindentation curve) are obtained through the averaging of twenty experimental nanoin-
dentation tests; secondly, a highly accurate finite element model is built for the numerical
simulation of the nanoindentation; thirdly, data sampling was performed based on the
BBD to determine and prepare the sets of the data inputs for the FE model to generate the
numerical datasets; and fourthly, the dataset of the numerical load–depth curves is applied
for the training, validation, and test procedures.

Coatings 2024, 14, x FOR PEER REVIEW 9 of 17 
 

 

 
Figure 3. A flowchart of the inverse identification approach used to uniquely identify the stress–
strain curve of the thin film. 

4. Results and Discussion 
Figure 4a shows the averaged curve over the twenty experimental load–depth curves. 

Furthermore, the scanning electron microscopy (SEM) image depicts the indentation im-
print on the GaN sample obtained by applying a load of 500 mN on the Berkovich in-
denter, as displayed in Figure 4b. Table 3 lists, for the GaN thin film and the sapphire 
substrate, the hardness and the Young’s modulus. The mechanical properties of the GaN 
thin film are obtained from analyzing the experimental load–depth curves using the Oli-
ver–Pharr method. This table also presents the elastic recovery (i.e., which refers to the 
amount of deformation that the material recovers elastically after the indenter has been 
removed) along with the maximum applied load and the resulting maximal depth rec-
orded at this load. In comparison, the sapphire substrate exhibits higher mechanical prop-
erties compared to GaN. The substrate’s hardness is reported as 27.5 ± 2 GPa, with an 
elastic modulus of 420.6 ± 20 GPa. The specific data regarding the maximum load, maxi-
mum depth, and elastic recovery for the sapphire substrate are not available. 

Figure 3. A flowchart of the inverse identification approach used to uniquely identify the stress–strain
curve of the thin film.

4. Results and Discussion

Figure 4a shows the averaged curve over the twenty experimental load–depth curves.
Furthermore, the scanning electron microscopy (SEM) image depicts the indentation im-
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print on the GaN sample obtained by applying a load of 500 mN on the Berkovich indenter,
as displayed in Figure 4b. Table 3 lists, for the GaN thin film and the sapphire substrate,
the hardness and the Young’s modulus. The mechanical properties of the GaN thin film
are obtained from analyzing the experimental load–depth curves using the Oliver–Pharr
method. This table also presents the elastic recovery (i.e., which refers to the amount of de-
formation that the material recovers elastically after the indenter has been removed) along
with the maximum applied load and the resulting maximal depth recorded at this load.
In comparison, the sapphire substrate exhibits higher mechanical properties compared
to GaN. The substrate’s hardness is reported as 27.5 ± 2 GPa, with an elastic modulus
of 420.6 ± 20 GPa. The specific data regarding the maximum load, maximum depth, and
elastic recovery for the sapphire substrate are not available.
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Table 3. Mechanical properties obtained from analyzing the twenty load–unload curves using
the Oliver–Pharr method. The mechanical properties of the sapphire substrate are provided from
the literature.

Material Hardness
(GPa)

E
(GPa)

Max Load
(mN)

Max Depth
(nm)

Degree of the Elastic
Recovery %

GaN 19.5 ± 0.5 356 ± 8 15.09 ± 0.02 170.06 ± 1.65 28 ± 9

Sapphire substrate [47] 27.5 ± 2 420.6 ± 20 - - -

Figure 5 shows the numerical load–depth curves obtained using the three finite ele-
ment models: (i) 2D axisymmetric, (ii) 3D equivalent conical-shaped Berkovich indenter,
and (iii) 3D Berkovich indenter (see Figure 1). The three models exhibit comparable predic-
tive capabilities regarding the nanoindentation load curve. The unload curve demonstrates
a high degree of similarity. Nevertheless, at the end of the unloading phase, the 3D
Berkovich model displays minor deviations from the prediction of both the 2D axisym-
metric and 3D equivalent conical-shaped Berkovich indenter models. Notably, the use
of the 3D Berkovich model demands significant computational resources and time. In
pursuit of an optimal balance between computational accuracy and efficiency, it becomes
evident that the 2D axisymmetric model emerges as the preferred choice. Therefore, this
model is adopted to conduct the finite element simulations of nanoindentation tests in the
subsequent analyses.
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To decouple material properties from the influence of factors like the friction coefficient
and indenter tip radius in the case of nanoindentation, Figure 6 presents an analysis of the
numerical model’s response to variations in these factors. By assessing their effects using
nanoindentation simulations, we can gain valuable insights into the actual mechanical be-
havior of the thin films characterized by nanoindentation. This allows us to understand the
sensitivity of the FE model to changes in these critical variables, providing a more nuanced
interpretation of the results and their implications on experimental nanoindentation data.
Figure 6a depicts that the friction coefficient has no visible effect on the nanoindentation
load–depth curve, even for high values. This is because friction primarily affects lateral
forces and frictional interactions between the indenter and the film’s contact surface. While
friction may influence the lateral frictional force during loading and unloading phases, it
typically has a negligible impact on the overall vertical force–displacement relationship
captured by the load–depth curve, as also reported by Wang [48]. In contrast, Figure 6b
clearly shows the visual influence of the indenter tip radius on the nanoindentation curve.
The curves depict the results for several distinct tip radii, ranging from 50 nm to 500 nm.
As the curves reach the same indentation depth (e.g., the simulations are run using im-
posed displacement), the load values differ significantly. Notably, the curve representing
the smaller tip radius (50 nm) exhibits a lower load compared to the larger tip radius
(500 nm) at the same depth. This behavior arises from the varying contact area created
by different tip geometries. The larger tip with a 500 nm radius distributes the applied
force over a broader area, necessitating a higher overall load to achieve the same level
of indentation compared to the sharper tip that concentrates the force on a smaller area.
Wang [48] reported that the change in the tip radius results in a significant effect on the load
displacement data. The authors found the load to increase with a larger tip radius at the
same maximum indentation depth. The sensitivity of the load–depth response to the inden-
ter tip radius underscores a limitation of the rigid indenter assumption in nanoindentation
simulations. While this assumption simplifies calculations, it neglects tip deformation,
which becomes more pronounced as indenter radii decrease and loads increase. This can
result in inaccurate load–depth relationships, errors in extracted mechanical properties,
and misinterpretations of material behavior. However, when the indenter tip radius is
sufficiently large, the assumption of using a rigid indenter in finite element analysis is valid,
as shown in this work.
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Berkovich indenter model, 3D equivalent conical-shaped Berkovich indenter, and 3D with
Berkovich indenter.

Figure 7a shows the training performance of the ANN model over epochs. It includes
three lines, one representing the training set error (in blue), the validation set error (green
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line), and the test set error (red line). The mean squared error (MSE) of the training set
decreases steadily, indicating improvement in the ANN model’s performance on the train-
ing set. The MSE of the validation and the test processes are also decreasing but with
more fluctuations, suggesting improvement in the model’s performance on the valida-
tion set and test set with some variability. The best performance of the ANN model is
achieved with the lowest mean squared error (MSE) for the validation and test sets at
approximately 1.022 × 10−3. The increase trend after the 14th epoch of the MSE of the vali-
dation set indicates an overfitting issue of the ANN model. Therefore, the early stopping
regularization method is activated to avoid overfitting, which reduces the ANN model’s
performance. This MSE plot is a metric used to monitor the model’s learning progress,
aiming to minimize errors on the training, validation, and test sets. Figure 7b displays
the R-plots, which illustrate the regression analysis, showcasing the correlation between
the target and the actual outputs of the ANN model. The linear regression coefficients of
the training and validation and test processes are depicted during the network’s learning
process. The correlation coefficient (R) value of 0.999 (approaching 1) is attained, signifying
strong correlation. Additionally, the minimum MSE value is achieved, while the overfitting
of the ANN model is mitigated by applying the early stopping regularization method,
as shown in Figure 7a, indicating the construction of the high-performance ANN model,
ready to be used for prediction for input experimental data.
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Figure 8 exhibits the stress–strain curve determined using the developed ANN model
and the verification of the capacity of the obtained stress–strain curve to produce the exper-
imental responses using finite element simulation. Figure 8a showcases the stress–strain
data (blue solid circles “•”) predicted by the ANN model and using the experimental
load–depth data as input in the trained ANN model. The red line (“−”) represents the
curve fitting of the data points using the elastoplastic constitutive model (power law model)
given in Equation (3). It is noted that this curve fitting is in quite good agreement with the
data points. The material parameters obtained based on the stress–strain curve fitting are
listed in Table 4.

Table 4. The best fit elastoplastic parameters for Equation (3) of the GaN thin film obtained by the
fitting of the stress–strain curve using the power law expression.

Yield Stress
σy (MPa)

Young’s Modulus
E (GPa)

Power Law Exponent
n (-)

5105.7 365.4 0.073

Figure 8b displays the comparison between the experimental load–depth curve and
the curve obtained by numerical simulation using the stress–strain curve identified by the
ANN model (data points). This result ascertains the performance of the used identification
procedure to determine the elastoplastic behavior of the GaN thin film. It is clearly observed
that the curve calculated by the finite element method is in very good agreement with
the experimental curve. This represents a good verification of the obtained solution,
which reflects the accuracy and performance of the developed inverse identification-based
ANN model for deducing the constitutive equation of thin film using nanoindentation
experiments. Furthermore, it could be mentioned that the ratio between the measured
hardness H and the identified yield stress σy approximately verifies the empirical well-
known Tabor formula (H ≈ 3 × σy), which is the most applicable for relatively hard
materials like metals and ceramics, where plastic deformation dominates the indentation
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response. It is worth noting that the identified Young’s modulus (365.4 GPa) is relatively
close to the measured value (356 ± 8 GPa), determined from nanoindentation experiments
using the Oliver–Pharr approach. On the other hand, the power law exponent with a
value of 0.073 is very small. This low value is likely attributed to the dominant plasticity
mechanisms occurring during the nanoindentation process. This behavior reflects the weak
work-hardening exhibited by the GaN thin film material, which is commonly observed,
at nanoscale, in stress–strain curves for ceramics and metals. In molecular dynamic (MD)
simulations of metallic behavior at the atomistic scale, near-perfect plasticity (plastic flow
with shallow strain hardening) is often found [49,50]. Subsequently, it is noteworthy that
the identified behavior model (Equation (3)) is an empirical power law equation typically
used to describe the elastoplastic behavior of metallic materials at the macroscale. In this
study, we applied this equation to assess its capability in describing the mechanical behavior
of a thin film at the nanoscale. Further investigation using MD simulations could provide
valuable insights into the plastic behavior and potentially reveal correlations with the
analysis based on macroscale relations. Furthermore, it is suggested to couple the finite
element model with an MD model to thoroughly study material behaviors at different
length scales.
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Figure 8. The identification of the stress–strain curve and numerical verification (validation) of the
ANN model prediction: (a) The stress–strain curve (blue solid circles) predicted by the ANN model,
determining the elastoplastic behavior of the GaN thin film. The red line represents the fitting plot
of the data using Equation (3); (b) the verification of the inverse identification-based ANN model
outputs by simulating the P-h curve using the stress–strain curve predicted by the ANN model. The
comparison between the experimentally measured and simulated load–depth curves shows good
agreement, indicating an accurate and efficient inverse identification approach.

5. Conclusions

This study demonstrated the effectiveness of an inverse identification approach using
artificial neural networks (ANNs) for extracting the elastoplastic parameters of GaN thin
films from load–depth nanoindentation data. Three finite element models were built and
evaluated, revealing that a 2D axisymmetric model could accurately replicate the compu-
tationally expensive 3D model’s outputs. However, the load–depth response remained
sensitive to the indenter tip radius, highlighting the importance of considering this factor
in the simulation of nanoindentation for enhanced result accuracy. The trained/validated
ANN model, built upon the 2D model-generated database, successfully predicted the
GaN thin film’s stress–strain curve. The verification capacity of this stress–strain curve in
describing the elastoplastic behavior of the GaN thin film was achieved through a finite
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element simulation of the nanoindentation test. The excellent performance of the devel-
oped ANN model underscores its capability to predict the actual stress–strain curve of
the GaN thin film based on experimental nanoindentation data. This approach offers a
computationally efficient and accurate method for identifying elastoplastic parameters
of thin films, leveraging the combined power of nanoindentation testing, finite element
simulations, and ANNs.
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