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A B S T R A C T

Nanoindentation is a powerful technique for assessing the mechanical properties of materials at the atomic scale, 
yet its computational modeling remains a challenge due to the complexity of deformation mechanisms. In this 
study, a deep learning framework is developed to predict the mechanical response of nanoindentation using the 
data generated via the quasicontinuum (QC) method. The dataset includes simulations of copper thin films with 
various indenter shapes and sizes, surface roughness levels, and crystallographic orientations.

Three different neural network models are implemented and compared: (1) a multioutput model, which 
predicts all mechanical parameters simultaneously; (2) a two-network approach, which separates displacement 
predictions from other mechanical properties to increase accuracy; and (3) a multitask learning (MTL) model, 
which optimizes shared learning between interdependent variables. The MTL model demonstrates the highest 
accuracy and generalization capability, effectively capturing the nonlinear relationships between critical loads, 
load drops, penetration depths, hardness, and absorbed energy.

To validate the proposed framework, two case studies are conducted: (1) a Berkovich indenter on a rough 
surface with a specific crystallographic orientation and (2) a cylindrical indenter on a smooth surface with a 
different orientation. The results show strong agreement between the deep learning predictions and the QC 
simulations, confirming the model robustness. The proposed deep learning approach provides a computationally 
efficient and accurate tool for predicting the mechanical behavior of materials at the atomic scale, paving the 
way for further advancements in data-driven nanomechanical analysis.

1. Introduction

Nanoindentation tests are nondestructive techniques used to mea
sure the hardness and mechanical properties of materials at the nano
scale. Its primary advantage lies in its ability to characterize the 
mechanical properties of materials at the micro- and nanoscale, which is 
crucial for materials with complex nano or microstructures. Nano
indentation involves processes occurring at multiple scales simulta
neously, including atomic-scale interactions, microscopic structural 
changes, and macroscopic behaviors. This makes it ideal for simulation 
via multiscale methods [1,2]. Multiscale modeling strategies include 
sequential approaches, where information flows between scales (such as 
using molecular dynamics (MD) simulations to inform continuum 
models), and concurrent approaches, where different scales are solved 
simultaneously, enabling direct coupling between the atomic and con
tinuum domains [3–6]. Several multiscale methods have been proposed 
to model material behavior under various conditions [7], such as the 

Bridging Domain Method (BDM) [3], Quasicontinuum (QC) [8], Disor
dered Concurrent Multiscale Method (DCMM) [9], and Variable Node 
Multiscale Method (VNMM) [10].

Among these, the QC method, introduced by Tadmor et al. [8], offers 
an efficient balance between atomistic accuracy and computational ef
ficiency. By retaining the atomic resolution only in regions where 
fine-scale mechanisms (e.g., dislocation nucleation, defect interactions, 
etc.) dominate, and coarse-graining the remaining domain by a contin
uum approximation, QC allows for the study of larger systems and 
longer load steps than MD, while preserving the physical nano responces 
that may be lost in purely continuum methods. QC has been successfully 
applied to a range of nanoscale problems, including dislocation nucle
ation, crack propagation, and surface deformation [11], making it 
particularly suitable for nanoindentation studies where localized events 
under the indenter govern the global load–displacement behavior.

Previous studies have primarily examined individual factors influ
encing nanoindentation behavior, such as surface features, indenter 
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geometry or crystal orientations, often in isolation. For example, Kiely 
et al. [12] demonstrated that surface defects broaden the onset of 
plasticity due to localized stress concentrations, while Rodrigo and 
Iglesias [13] highlighted the role of indenter material and crystal 
orientation in producing scattering that affects modulus and hardness 
predictions, with such effects mitigated at higher loads or with softer 
materials [14]. Multiscale approaches, such as MD-FEM, have confirmed 
agreement between atomistic and continuum responses, as reported by 
Wang et al. on Ni thin films [15]. Additional studies addressed the in
fluence of grain size, substrate properties and surface roughness [16], 
whereas QC-based simulations explored crystal anisotropy, indenter 
size, and coatings on hardness and deformation [17–19]. Li et al [17] 
defined the rectangular indenter size as 4d, with d = l0̅ ̅

3
√ , where l0 (≈ 4 Å 

for copper) is the lattice constant. The mechanical properties of coatings 
on substrates were examined using nanoindentation combined with 
finite element simulations by Akatsu et al. [20]. A new protocol for 
evaluating the mechanical properties of thin films on substrates using 
point-sharp nanoindentation was proposed. By employing two weight 
functions, the method accounts for the indenter tip geometry and pro
vides more accurate measurements of the film’s elastic modulus and 
yield stress compared to conventional approaches. Furthermore, defec
ted geometry was shown to critically affect responses such as stiffness 
and nanohardness[21–23]. For instance, Zhang et al. [24] demonstrated 
that triangular surface defects increased hardness more than rectangular 
ones, while Ghahremani et al. [25] reported that smaller indenters 
reduced the sensitivity to roughness compared to larger ones, which 
introduced greater scattering due to their broader contact area. Despite 
these valuable insights, majority of existing studies focused on isolated 
single parameters. What remains lacking is a comprehensive investiga
tion that simultaneously considers multiple key factors, such as indenter 
geometry, surface roughness and crystallographic orientation, and their 
combined effect on the mechanical response of thin films. The present 
study aims to address this gap by employing the quasicontinuum method 
to generate nanoindentation data that captures these interacting effects, 
followed by developing machine learning models/predictions across 
diverse conditions.

Although accurate multiscale simulations provide a high degree of 
precision by capturing atomic details of deformation mechanisms, they 
are inherently computationally expensive, time-consuming, and require 
major expertise to implement. While these features make the multiscale 
methods vital when the goal is to investigate very fine atomic details, 
machine learning (ML) approaches offer an efficient alternative for rapid 
generalization from existing datasets, eliminating the need for costly 
repeated new simulations. Moreover, they are capable of identifying 
complex nonlinear relationships between multiple input parameters. 
Machine learning methods increase the feasibility of large-scale para
metric studies by providing accurate predictions of average mechanical 
responses, while significantly reducing the computational cost. They 
provide a powerful framework for integrating nanoscale insights into 
broader predictive models of material behavior.

Machine learning (ML) plays a pivotal role in the field of nano
indentation by allowing for analysis and prediction of material behavior 
with enhanced precision. Xiao et al. [26] developed a hierarchical 
multiscale method in which molecular dynamics simulations were 
conducted first to generate a dataset to represent physical phenomena at 
the nanoscale. The dataset was then used to train a material fail
ure/defect classification model and stress regression models. Park et al. 
[27,28], introduced a deep learning-based nanoindentation method to 
simplify the evaluation of mechanical properties of polymers and bulk 
metallic glass. Nanoindentation simulations based on FE with spherical 
and Berkovich tips were used to generate a database for model param
eters. An inverse analysis method based on artificial neural networks 
(ANNs) was proposed by Han et al. [29] to determine the free-volume 
model (FVM) parameters of thin-film metallic glass through nano
indentation. The model was trained based on a database generated by 

FEA.
Advanced machine learning algorithms can process complex and 

noisy experimental data and uncover hidden patterns to predict me
chanical properties such as hardness, elastic modulus, and plastic 
behavior [30]. Jin et al. [31] reported the prediction of mechanical 
properties of graphene-reinforced metal matrix composites, and Liu 
et al. [32] adopted four ML models (RF, XGBoost, LightGBM, and SVM) 
to predict the Vickers hardness of amorphous alloys based on the atomic 
fraction, structural features and load. The Light Gradient Boosting Ma
chine (LightGBM) model outperformed the other models. A novel 
micromechanical ML framework was investigated [33] to characterize 
the material parameters of bulk metallic glasses (BMGs) via nano
indentation simulations with Berkovich and spherical tips. A dataset 
generated from the Drucker‒Prager model coefficients was used to train 
a nested ML algorithm with a deep neural network as the key estimator. 
Khoei et al. [34] presented an ML-based atomistic-continuum multiscale 
framework to model the nonlinear behavior of nanocrystalline struc
tures. Using molecular dynamics simulations, atomistic representative 
volume element (RVE) data were analyzed to identify key parameters 
for effective fine-to coarse-scale mechanical property reproduction. An 
ANN approach optimized the ML process, and the model was validated 
by predicting RVE responses under various deformations. Recently, 
increasing attention has been given to the use of interpretable machine 
learning (IML) techniques, such as SHapley Additive exPlanations 
(SHAP)[35], to enhance the transparency of ML predictions in nano
indentation. Zaki et al. [36] applied SHAP-based analysis to reveal the 
dominant role of indenter tip radius on the onset of dislocation pop-in 
events, thus providing mechanistic insights beyond black-box pre
dictions. Likewise, Trost et al. [37,38], integrated interpretable ML with 
finite element simulations to estimate nanoindentation tip radii, 
showing that SHAP values can identify the physical features of 
load-displacement curves most strongly linked to tip geometry. These 
studies underline that interpretability not only improves model trust
worthiness but also deepens physical understanding, making IML ap
proaches a promising complement to conventional ML frameworks in 
nanoindentation research.

However, few studies have leveraged QC-generated datasets to train 
models capable of predicting multiple, interdependent mechanical in
dicators under varied indentation conditions. Existing works often 
focused on a single property (e.g., hardness or modulus) or used datasets 
from FE or MD simulations. Furthermore, when multiple outputs are 
considered, a standard multi-output regression does not account for the 
differing degrees of correlation between targets, leading to possible 
negative transfer effects. To address these gaps, the present work de
velops a multitask learning (MTL) framework [39] trained on a sys
tematically generated QC dataset spanning 442 combinations of 
indenter geometry, surface roughness, and crystal orientation. The MTL 
model is designed to exploit shared feature representations for related 
targets, while isolating tasks where correlations are weak, thereby 
improving predictive accuracy for critical loads, load drops, penetration 
depths, hardness, and dissipated energy. Fig. 1 presents the overall 
pipeline, integrating QC-based data generation, preprocessing, and deep 
learning analysis.

The remainder of this paper is structured as follows: Section 2 de
scribes the data generation process, including the quasicontinuum (QC) 
method for simulation of nanoindentation and the setup for different 
indenter shapes, surface roughness levels, and crystallographic orien
tations. Section 3 presents the deep learning framework, detailing the 
architecture of the neural networks, the optimization process using 
Optuna, and the nested cross-validation strategy. Section 4 discusses the 
results of different network configurations, comparing the multioutput, 
two-network, and multitask learning (MTL) models. Two case studies 
are analyzed to validate the proposed framework against QC simula
tions. Finally, Section 5 concludes the study with key findings, impli
cations, and suggestions for future research in data-driven multiscale 
modeling of nanoindentation.

H. Ghahremani and S. Mohammadi                                                                                                                                                                                                        Results in Engineering 28 (2025) 107729 

2 



2. Data generation for nanoindentation

In this study, a 200 × 100 nm FCC copper thin film, depicted in 
Fig. 2, is examined. While the general plane stress state in X − Y plane, 
three-dimensional atomic interaction between neighboring atoms is 
considered for precise energy calculations. As a result, displacements in 
the Z direction are induced even under plane stress conditions. Addi
tionally, periodic boundary conditions are imposed along the out-of- 
plane direction. Previous studies [19,23], have reported that in thin 
films with protective coating for shallow penetration depths (relative to 
the coating thickness), the influence of the substrate on the nano
indentation response is negligible. Therefore, the influence of the sub
strate on the measured hardness and elastic modulus is expected to be 
negligible. Accordingly, the substrate is not explicitly modeled in the 
present study due to its negligible effect on the mentioned mechanical 
properties.

Moreover, since the film thickness (100 nm) is sufficiently large and 
the depth of dislocation nucleation does not reach the bottom of the 
model, the lower surface is fixed to ensure mechanical stability and to 
reduce the computational cost. This boundary condition represents the 
behavior of a film supported by a rigid substrate rather than a free- 
standing film, while the use of periodic boundaries in the out-of-plane 
directions preserves bulk-like behavior in the thickness direction.

The QC method is adopted to generate data from the nano
indentation models [8,11]. It is efficient for studying systems where fine 
atomic-level details are necessary in some regions, whereas others can 
be modeled more coarsely with continuum approximations. This 
method reduces the computational cost while maintaining accuracy in 
regions of interest [7].

2.1. Indenter

The indenter, modeled as a rigid body object, penetrates the copper 
surface at a rate of 0.1 Å per step. Available QC simulations employed 
much smaller radii to capture atomic-scale mechanisms and to reduce 
the computational costs; for instance, Knap and Ortiz [36] used spher
ical indenters of 7–70 nm, and Tadmor et al. [8] applied a cylindrical 
indenter with a radius of 11 Å. In this study, cylindrical and rectangular 
indenters are modeled with rounded and flat tips, respectively, while the 
Berkovich indenter is modeled as ideally sharp. This approach allowed a 
direct comparison of the influence of rounded, flat, and sharp tip ge
ometries. it should be noted that one of the objectives of the present 
study is to compare the behavior of the thin copper layer under different 
indenter geometries. Therefore, a roughly similar range of indenter sizes 
are chosen for all shapes of indenters. For the cylindrical and rectangular 
indenters, eight distinct sizes are considered (10, 20, 40, 60, 80, 100, 
120, and 140 Å), corresponding to the tip radius for cylindrical and flat 
width for rectangular indenters. In contrast, the sharp Berkovich 
indenter is modeled with angles of 70.3◦ and 65.3◦, as illustrated in 
Fig. 2. In atomic force microscopy (AFM)-based nanoindentation ex
periments, the tip radius of indenters is generally below 20 nanometers 
[40,41], enabling detailed examination of surface mechanical proper
ties. For this study, the indenter size is chosen to align with the nano
scale characteristics of material, ensuring accurate measurement of 
hardness and elastic modulus.

2.2. Roughness

Surface roughness is a key factor influencing mechanical responses at 
the micro- and nanoscale. In nanoindentation tests, it affects the initial 
contact between the indenter and the material surface. This can lead to 

Fig. 1. A data pipeline for QC-based nanoindentation analysis via machine learning.

Fig. 2. Nanoindentation model.
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variations in measured properties such as hardness and stiffness. 
Ignoring surface topography may result in inaccurate or non- 
reproducible results. Therefore, considering surface roughness is 
essential for reliable material characterization at small scales. The 
arithmetic average roughness (Ra), as standardized in ISO 4287 for 
geometric product specifications [42], is frequently used to quantify 
surface roughness: 

Ra =
1
n
∑n

i=1
|di| (1) 

where n represents the total number of points describing the surface, and 
di denotes the deviation of each nodal coordinate yi from the mean 
surface coordinate Rm, as illustrated in Fig. 2. The values of yi are 
determined using the function introduced by Berke and Massart [43]: 

yi(x) =
∑N

i=1

Ai

2
sin

(
2π
αi

x+ θi

)

(2) 

αi denotes the maximum scaling factor that adjusts the frequency of 
the sine wave, θi represents the horizontal phase shift along the X-axis, 
and Ai corresponds to the amplitude of the sine component in the 
Fourier series. Parameters θi, Ai, and αi are randomly generated in this 
study.

2.3. Crystallography

The nanoindentation process is significantly affected by crystal 
orientation. In the present study, two different orientations are exam
ined. In Orientation I, the indenter is applied along the [110] direction, 
with the coordinate system defined such that the X-Y axes align with 

[111] and [110] directions, respectively. In Orientation II, the indenter is 
applied along the [001] direction, with the X-Y coordinate axes aligned 
with [110] and [001] directions, respectively, as depicted in Fig. 2.

2.4. Hardness

Hardness represents a material resistance to penetration by a hard 
nano-indenter. This key mechanical property is typically quantified by 
analyzing the relationship between the applied load and the depth of 
indentation. The Oliver-Pharr (O-P) method, widely recognized for its 
accuracy, is one of the most commonly used techniques for calculating 
the hardness from nanoindentation data [44]: 

H =
Pmax

A
(3) 

where Pmax and A are the peak load and the projected contact area, 
respectively.

The load-penetration responses of the Berkovich setup with a surface 
roughness of 13 Å for crystallographic directions I and II are depicted in 
Fig. 3. The "onset of plasticity" is the point at which the first dislocation 
nucleation occurs, and the load at which it occurs is called the critical 
load (Pcr) [45]. Dislocations are crystallographic line defects that disturb 
the otherwise perfect arrangement of atoms in a lattice. As illustrated in 
Fig. 3, the atomic rows are well aligned on both sides, but in the central 
region, one row of atoms is interrupted, producing a discontinuity in the 
lattice. This local misalignment forces some atoms to be displaced up
ward and others downward along the out-of-plane (Z) direction. Such a 
distortion is a characteristic signature of a dislocation. By analyzing the 
out-of-plane displacement (UZ), expressed in Angstrom (Å), these ver
tical shifts can be clearly detected, which allows us to identify the 

Fig. 3. Load‒penetration responses for the Berkovich indenter and Ra = 13Ȧ.
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nucleation and evolution of dislocations during the nanoindentation 
process. The area under the load-penetration response up to the moment 
of the first dislocation represents the energy absorbed by the material 
before the occurrence of plastic deformation. This energy, which is 
mainly stored in the form of elastic deformation in the crystalline 
structure, leads to permanent changes and crystal slip. The amount of 
this energy is calculated from the integral of the force with respect to the 
penetration depth up to the point of the first dislocation and is a measure 
of the resistance of the material to the onset of irreversible deformation 
[46]. After the first dislocation occurs in the load-penetration response, 
a sudden drop in load is usually observed, indicating the release of en
ergy stored in the crystalline structure. This drop in load occurs because 
of the local failure of the crystalline structure and the onset of slip or 
movement of dislocations, which corresponds to the phenomenon 
commonly referred to as a “pop-in” in nanoindentation experiments [47,
48]. The pop-in refers to a sudden change in the load–penetration curve, 
typically manifested as an abrupt burst of penetration during loading. 
This phenomenon is generally interpreted as an indication of the initi
ation of plastic deformation in the material and is often associated with 
the nucleation and initial motion of dislocations beneath the indenter 
tip. In this case, plastic deformation dominates, and the material cannot 
withstand the applied load fully elastically. The amount of load drop 
depends on factors such as the crystal orientation, grain size, and ma
terial type, and indicates the degree of stability of the material against 
structural changes [49].

In the present study, 13 surface roughnesses between 2 and 13Ȧ and 
cylindrical and rectangular indenters with 8 widths/diameters between 
10 and 140Ȧ, and a Berkovich indenter are investigated with two 
different crystal orientations, I and II. In total, 442 setups are generated 
and analyzed. In the present simulations, the indentation depth never 
exceeds 5 % of the film thickness, which is well below the conventional 
10 % threshold suggested in the literature [50].

3. Deep learning

Deep learning (DL) is a branch of artificial intelligence techniques in 
which systems and models gain the ability to learn from data without 
explicit governing physical formulation [51]. An artificial neural 
network (ANN) is a machine learning model inspired by the structure of 

the human brain and consists of neurons (processing units) organized in 
layers. Each neuron receives inputs, processes them via weights and 
biases, and produces an output [52]. The ANN consists of three main 
parts: the input layer, which is responsible for receiving the initial data; 
the hidden layers, which perform complex processing on the data; and 
the output layer, which produces the final result. These models are used 
because of their high predictive power for complex and nonlinear 
problems, their adaptability to solve various problems such as classifi
cation and regression, and their ability to learn important features from 
the data. Unlike traditional algorithms, neural networks may automat
ically identify hidden patterns in the data and provide accurate results 
[53,54].

This study presents the implementation and optimization of an ANN 
for predicting multiple continuous variables via the PyTorch library 
[55]. The process includes data preprocessing, defining the network 
architecture, and optimizing parameters with Optuna [56], and evalu
ating the model via nested cross-validation. The results demonstrate that 
the use of appropriate optimization and validation techniques can 
significantly improve the model performance.

3.1. Defining the models

3.1.1. Multioutput model
Fig. 4 shows the general architecture of the artificial neural network. 

The input layers, which are the indenter shape, indenter size, roughness, 
crystallography orientation, and indenter position (x1, x2, x3, x4, x5), are 
passed through weights (green lines) to the neurons in the hidden layer. 
At each neuron, a weighted sum of inputs is computed, and a bias (blue 
lines) is added. This sum is then passed through an activation function to 
introduce nonlinearity to the model. The output layers are the critical 
load (Pcr1, Pcr2), penetration depth (D1, D2), load drop (Pdr1, Pdr2) in the 
first and second dislocations, hardness (H), and absorbed energy (U) (y1, 
y2, y3, …, y8).

3.1.2. Multitask learning model
Fig. 5 illustrates the architecture for multitask learning. MTL is a 

technique in machine learning where multiple related tasks are trained 
simultaneously via a shared model. The key idea is to leverage shared 
information across tasks to improve generalizability and performance. 

Fig. 4. Architecture of the ANN model.
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Unlike single-task learning, where models are trained separately for 
each task, MTL promotes the sharing of representations, enabling tasks 
to benefit from one another [57].

The middle section of Fig. 5, enclosed in the red box, represents the 
shared layer. This layer extracts general features common to all tasks. 
Sharing this representation allows the model to transfer knowledge 
across tasks, improving the overall performance. On the right, task- 
specific layers are tailored to the individual needs of each task. Task 1 
has six output nodes and uses a unique processing path from the shared 
layers. Task 2, with two output nodes, follows a distinct processing path 
from the shared layers.

3.2. Data preprocessing

The data are divided into training and test sets, which allows for 
training the model on the training data and independent evaluation of 
its performance on the test data. Ninety percent of the data is separated 
for training, and 10 percent is reserved for testing. The input features 
were normalized using the StandardScaler from scikit-learn [58], which 
would transform each feature to have zero mean and unit variance. To 
avoid any potential data leakage, the dataset was first split into training 
and test sets prior to any preprocessing. The normalization procedure 
was implemented within a Pipeline object, ensuring that the scaling 
parameters (mean and standard deviation) were computed exclusively 
from the training set during the fitting stage and subsequently applied to 
the test set during transformation. This approach guarantees that no 
information from the test set influenced the model training process.

3.3. Model definition and parameter optimization

The neural network architecture and its parameters are optimized 
via Optuna. The following steps are performed:

3.3.1. Defining the network architecture
Hyperparameter tuning is the process of optimizing the settings of a 

machine learning model to improve its performance. Hyperparameters 
are external configurations that must be set manually or via automated 
processes. Examples include the learning rate, number of layers, number 
of neurons, activation functions, dropout rates, optimizers, and regula
rization parameters [59,60]. Hyperparameter tuning is performed via 
Optuna, a powerful optimization framework [61].

3.3.2. Defining hyperparameters
Number of layers, number of neurons in each layer, activation 

functions, and dropout rates are optimized via the Optuna library to find 
the best network architecture from the following selections for the 
present study: 

• The number of layers is between 3 and 7.
• The number of neurons in each layer is between 6 and 200.
• The activation function of each layer is selected from ReLU, sigmoid, 

and tanh.
• The optimizer of each layer is chosen from Adam, SGD, and AdamW.
• The learning rate of optimization is between 1e-6 and 1e-2.
• The weight decay is chosen from 1e-5 to 1e-2.
• The amount of dropout for each layer is selected between 0.1 and 

0.3.

3.3.3. Parameter optimization with optuna
In ML model optimization, the main goal is to minimize the loss 

function, which is achieved by updating the weights and biases in the 
neural network. This update is based on the gradient of the cost function 
with respect to the parameters, which is usually performed via gradient 
descent methods. In this process, the weights are updated in small steps 
in the negative direction of the gradient to minimize the cost function. 
The simplest optimizer is the gradient descent, in which the weights are 
updated in fixed steps in the negative direction of the gradient at each 
step. The stochastic gradient descent (SGD) [62] uses a small sample or 
group of data at each step instead of using the entire dataset, which 
speeds up the calculations. Adaptive moment estimation (Adam) [63] is 
a combination of momentum and RMSProp, which adjusts the learning 
rate adaptively and is usually used for deep neural networks. RMSProp 
uses the mean square gradient to adjust the learning rate dynamically 
[64].

In the neural network training process, the backpropagation algo
rithm is first used to calculate the gradients of the cost function with 
respect to the weights and biases. These gradients are propagated from 
the output layers to the input layers to obtain the necessary changes to 
update the parameters. Then, when an optimizer such as Adam or SGD is 
used, the weights and biases are gradually adjusted to minimize the 
error: 

Fig. 5. Architecture of the MTL model.
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wt+1 = wt − η∇L(wt) = wt − η ∂L
∂wt

(4) 

bt+1 = bt − η∇L(bt) = bt − η ∂L
∂bt

(5) 

where wt+1 and bt+1 are the weights and biases at step t + 1, respec
tively, and η and ∇L are the learning rate and the gradient of the loss 
function, respectively [65]. The learning rate is a hyperparameter that 
determines the rate at which the weights change at each update step. 
Choosing the right learning rate for any model is crucial [66]. If the 
learning rate is too high, the model may not be able to achieve correct 
optimization; if it is too low, the learning process is slow, and the 
optimization may be incomplete.

Regularization or weight decay technique is an effective way to 
reduce overfitting in optimization algorithms. It encourages the model 
to adjust weights in a way that prevents them from growing too large, 
thereby simplifying the model. Weight decay is chosen as a hyper
parameter for the optimizer. In weight decay, a small value called the 
regularization parameter (λ) is defined and added to the loss function: 

L = Loss + λ
∑

i
wi

2 (6) 

3.4. Model training and performance evaluation

The model is trained by a nested cross-validation approach, and its 
performance is evaluated via the R² score. The following steps are 
performed.

3.4.1. Nested cross-validation
Nested cross-validation is an extension of the k-fold cross-validation 

technique. It is used to estimate the performance of a machine learning 
model while simultaneously selecting the best hyperparameters. In a 
standard k-fold cross-validation, the training and testing sets are fixed, 
and the model is trained and evaluated on each fold. This method helps 
in minimizing the effect of data selection and improves the assessment of 
the generality of ML model [67].

In the nested cross-validation, however, the training process involves 
two levels of cross-validation:

Inner cross-validation is used to tune the model hyperparameters. 
The inner loop is used for model selection by training the model on the 
training data in each fold and validating it on the validation data within 
the training set.

Outer cross-validation is used to evaluate the generalization error of 
the model. Its folds are used to evaluate how well the model generalizes 
to unseen data for final testing [68].

In this study, 10 % of the original data is allocated for testing, and 90 
% is considered for the main network with the help of nested cross- 
validation. Nested cross-validation is implemented via two layers of k- 

fold cross-validation. The outer cross-validation (with n splits = 3) is 
used to estimate the model performance on unseen data, whereas the 
inner cross-validation (with n splits = 2) is responsible for hyper
parameter tuning within each fold of the outer loop. The outer loop 
generates training and testing splits, and the inner loop performs the 
model selection process without leaking information from the outer test 
set, as depicted in Fig. 6. The results from the outer folds are then 
aggregated to provide a final performance estimate, which ensures 
reliable evaluation by preventing overfitting.

3.4.2. Early stopping
Early stopping is used to allow the model to halt training, once it has 

reached its optimal performance, to prevent overfitting. If the model 
performance on the validation set stops improving after several epochs, 
training is terminated.

3.4.3. Mini-batch
Using mini-batch gradient descent can help reduce overfitting. 

Accordingly, instead of using all the data or just one sample per step, a 
small subset of data is used, which makes the model less sensitive to 
specific data points. As a result, it helps to prevent the learning of 
random or anomalous features in the training data. With mini-batches, 
there are more fluctuations in the learning process, which helps the 
model to avoid getting stuck in local minima and allows it to move to
wards a global optimum [69].

3.4.4. Model performance evaluation
The model performance is evaluated by the R² score on the validation 

and test sets. The R² score is a statistical measure that represents the 
proportion of the variance in the dependent variable that is predictable 
from the independent variable(s) in a regression model. In simpler 
terms, it indicates how well the model fits the observed data.

4. Results

4.1. Multi-output model with all targets

The first multi-output model in Table 1 is trained to predict all the 
targets together: Pcr1, Pcr2, Pdr1, Pdr2, D1, D2, U and H. It consists of three 
hidden layers with 75, 109, and 81 neurons, and it uses the tanh acti
vation function. The Adam optimizer is used with a learning rate of 
0.00230 and a weight decay of 0.0035. This model achieves a coefficient 
of determination (R²) of 0.936.

Fig. 7 provides insights into the performance of the multi-output 
model. Scatter plots in Fig. 7 compare the model predictions with the 
actual values for different output variables. While some variables show 
good agreement with the exact values (such as H and U), others exhibit 
more scattering (Pcr1, Pdr2).

Fig. 6. Schematic presentation of nested cross-validation technique.
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4.2. Multi-output model with two separate groups of targets

To improve performance, two separate multi-output models are now 
trained instead of one unified model. The targets are divided into two 
groups: one model is trained on Pcr1, Pcr2, Pdr1, Pdr2, U and H, and the 
other is focused only on D1 and D2. This separation is motivated by the 
observation that D1 and D2 have a weak correlation with Pdr1 and Pdr2 
but a strong correlation with other targets, suggesting that their inclu
sion in a single model with all targets might negatively impact the 
learning.

The D1 and D2 models achieve a coefficient of determination (R²) of 
0.961, which is significantly greater than when they are included in the 
full multi-output model (0.936). This finding suggests that training D1 
and D2 independently leads to better feature extraction and general
ization for these two targets. On the other hand, the model that predicts 
Pcr1, Pcr2, Pdr1, Pdr2, U and H has a R² score of 0.934, which is nearly 
identical to the coefficient of determination of the single multioutput 
model. This indicates that removing D1 and D2 did not significantly 
affect the learning of the other targets, reinforcing the idea that D1 and 
D2 may have interfered with the learning process in the full multi-output 
model (see Table 2).

According to Fig. 8, which illustrates prediction performance of Pcr1, 
Pcr2, Pdr1, Pdr2, U and H, the model is less accurate than the second 
model. This is likely because the key variables D1 and D2 are removed 
from the target outputs. Since D1 and D2 are correlated with some target 
variables, their absence makes it more difficult for the model to accu
rately learn and predict the remaining outputs. The scatter plots show 
that while H and U are reasonably well predicted, the predictions for 
Pcr1, Pcr2, Pdr1 and Pdr2 have noticeable errors, indicating that the model 
struggles to capture their underlying relationships without D1 and D2.

In contrast, Fig. 9, which focuses only on predicting D1and D2, shows 
significantly better accuracy. The scatter plots reveal a strong alignment 
between the predicted and exact values. This suggests that D1and D2 are 
easier to model and they play crucial roles in defining the relationships 
among all the outputs.

Despite the improved accuracy for D1 and D2, this two-model 
approach introduces inefficiencies. Training separate models prevents 
shared learning and leads to redundant computations, which is not ideal. 
Instead of completely separating the tasks, an MTL approach can be used 
to retain the benefits of task separation while still allowing for shared 
feature learning, leading to a more efficient and potentially more ac

curate model, as discussed in Section 4.3.

4.3. Multitask learning

To address the limitations of training separate multi-output models, 
a multitask learning approach is implemented. It is expected to preserve 
the benefits of task separation while enabling shared learning. In this 
model, a shared network is defined to extract common features, fol
lowed by two task-specific branches: Task 1 for Pcr1, Pcr2, Pdr1, Pdr2, U, H 
and Task 2 for D1 and D2. This design allows each task to focus on its 
relevant features while still benefiting from shared representations 
learned in the common layers.

According to Table 3, the MTL model achieves an overall R² score of 
0.9573, which is greater than that of the single multioutput model 
(0.936) and the separate multioutput models (0.934 for Pcr1, Pcr2, Pdr1, 
Pdr2, U, H and 0.961 for D1 and D2). This suggests that MTL successfully 
leverages shared learning while mitigating the interference that occurs 
in the single multi-output model. By explicitly defining two tasks, it is 
ensured that D1 and D2 are not negatively influenced by their weakly 
correlated targets (Pdr1, Pdr2) while still benefiting from shared knowl
edge with other strongly correlated targets.

Additionally, MTL is computationally more efficient than training 
two independent models, as it optimizes both tasks simultaneously 
rather than redundantly processing shared features in two separate 
models. The use of an SGD optimizer instead of Adam may also have 
contributed to better generalization, as SGD often helps prevent over
fitting by introducing more noise into the optimization process. Overall, 
MTL outperforms both the single and split multioutput models, con
firming its effectiveness in handling targets with varying correlations 
while maintaining computational efficiency.

The model quickly learns the main data patterns within the first 20 
epochs, showing a sharp drop in both training and validation losses. 
After that, the losses continue to decrease smoothly and stabilize around 
epoch 100. The close alignment of the two curves without divergence 
indicates successful training with no overfitting, as shown in Fig. 10.

Fig. 11 presents the results of the MTL model trained to predict 
multiple outputs simultaneously. The first eight subplots show scatter 
plots for comparing the predicted values (y-axis) with the exact values 
(x-axis) for each target variable, including Pcr1, Pcr2, Pdr1, Pdr2, D1, D2, U 
and H. Each plot includes a red dashed line representing the ideal 1:1 
relationship, where perfect predictions would lie. The points are 
generally well aligned along this line, suggesting that the model has 
learned meaningful patterns, but some scatters indicate variability in 
prediction accuracy across different targets.

To interpret the effect of features on the predictions of complex 
machine learning models, the SHAP (Shapley Additive explanations) 
method was employed [70]. SHAP quantitatively and comparatively 
expresses the contribution of each feature to the model’s prediction. The 
effect of each feature is computed by considering all possible combi
nations of features, thereby providing a fair estimate of its actual 
contribution to the model’s output. This approach enables a precise 
understanding of how and to what extent each feature influences pre
dictions, even in complex and nonlinear models such as neural networks 
or MTL models. In the present study, SHAP values were calculated and 
visualized for two representative features, Pcr1 and H, to assess their 
impact on the MTL model’s predictions. The resulting SHAP plots 
illustrate how variations in each feature can drive the model toward 
higher or lower predicted values (Fig 12).

4.4. Case studies

4.4.1. Example 1
A nanoindentation problem with a Berkovich indenter, surface 

roughness of 6.5Ȧ, and crystallographic orientation I is solved. To 
evaluate the accuracy of the deep learning model solutions, the results of 

Table 1 
Features description and information.

Feature Range Information

Indenter shape Berkovich, 
rectangular, and 
cylindrical

Three different shapes (cylindrical, 
rectangular, and Berkovich) are used 
to investigate the effect of shape on 
stiffness and load-displacement 
response.

Indenter size From 10 to 140 Å For the rectangular indenter, the 
width of the flat punch tip and for the 
cylindrical indenter, the radius of the 
round tip are investigated, eight 
distinct sizes: 10, 20, 40, 60, 80, 100, 
120 and 140 angstroms. For the 
Berkovich indenter, a fully sharp 
geometry is modeled.

Roughness From 2 to 13 Å 13 surface profiles with different 
roughnesses are investigated to 
evaluate the effect of roughness on 
the indentation results.

Crystallography 
orientation

I and II Two specific crystallographic 
orientations of the substrate are 
studied for anisotropic behavior.

Indenter position i, ii, and iii Indenter position at the moment of 
contact with the substrate, which can 
be at three locations: peak, slope, or 
valley.
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Fig. 7. Prediction performance and loss convergence of the multioutput model with all targets.
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the MTL model are compared with those of the QC model, as shown in 
Fig. 13.

The predicted load-penetration response from the MTL model closely 
matches that of the QC model across the entire range of penetration 
depths. The critical loads (Pcr1, Pcr2) at the first and second dislocations 

are almost captured by the MTL model (points A and C), with a relative 
error of <1.2 %. The MTL model provides a hardness value close to that 
of the QC model, reflecting the accuracy of the deep learning model in 
capturing the effects of surface roughness and crystallographic orien
tation. Moreover, the energy (U) absorbed up to the second dislocation is 

Table 2 
Multi-output model: single network for all targets.

Model Targets N- 
layer

N-neurons Activation Drop-out Optimizer Learning 
rate

Weight- 
decay

coefficient of 
determination (R2)

Multi output Pcr1, Pcr2, Pdr1, Pdr2, D1, 
D2, U, H

3 75, 109, 
81

Tanh 0.21, 0.11, 
0.14

Adam 0.00230 0.0035 0.936

Fig. 8. Prediction performance and training convergence of the multi-output model without D1 and D2.

Fig. 9. Prediction performance and training loss convergence of the multi-output model for predicting only D1 and D2.
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approximately predicted by the model, with a negligible relative error. 
This highlights the model robustness in estimating energy-based me
chanical metrics, which are critical for material deformation analysis. 
After the onset of plasticity, the MTL model effectively captures the 
drops in load (Pdr1, Pdr2), which are indicative of dislocation motion and 
slip initiation in the crystalline structure (points B and D).

Table 4 presents a comparison between the QC and MTL models in 
predicting H, U, and the required computational time. The MTL model 
demonstrates excellent accuracy, with only about 2.2 % error in pre
dicting hardness and energy compared to the QC model. More impor
tantly, it significantly reduces the computational time, from 45 h for the 
QC model to just 4.2 h for the MTL model training.

4.2.2. Example 2
An indentation test with a cylindrical indenter, smooth surface, and 

crystallographic orientation II is solved by both the QC method and the 
MTL model.

This load-penetration diagram in Fig. 14 compares the results of the 
QC and MTL models. Points A and C represent the first and second 
critical loads (Pcr1, Pcr2), where dislocations occur, whereas B and D 
correspond to the load drops (Pdr1, Pdr2) following these critical events. 
The zoomed-in atomic structures illustrate deformation at these points, 
showing the initial dislocation formation at Pcr1 and the second dislo
cation at Pcr2. The area under the curve up to D represents U, whereas 
the hardness is calculated as Pcr1 divided by the contact area between 
the indenter and the substrate. Comparing the two models, the MTL 
model closely follows the QC model, with only minor deviations at 
critical points and a relative error of <1.8 %, indicating slight variations 
in predicting dislocation events and material response.

Considering that a surface roughness of zero has not been included in 

the training samples, evaluating the model performance under this 
condition is particularly important. As shown in Table 5, the MTL model 
is able to predict H and U with reasonable accuracy despite this limi
tation. The prediction errors are 2.5 % for hardness and 4.5 % for en
ergy. Moreover, the MTL model significantly reduces the computational 
time, requiring only 4.2 h compared to 21 h for the QC model (Table 6).

It is noted that while the training time of the MTL model network is 
approximately 4 h, predicting new samples after training is very fast and 
takes only a few seconds. These results indicate that the MTL model not 
only maintains high predictive accuracy but also offers a highly efficient 
alternative to computationally expensive multiscale methods such as 
QC.

4.4.3. Critical force assessment
Fig. 15 illustrates the variation of the first critical load (Pcr1) as a 

function of surface roughness for the Berkovich indenter. It is worth 
noting that the selected roughness values (5, 7, 9, and 11 Å) are not 
explicitly present in the original dataset. However, they fall within the 
range of [2–13] Å, over which the model is trained. Hence, the pre
dictions in this range are reliable and can be reasonably generalized to 
intermediate roughness values.

As observed, the model predicts a physically consistent trend. With 
increasing surface roughness, the magnitude of the critical load required 
for the nucleation of the first dislocation decreases monotonically. This 
behavior can be rationalized by considering the stress concentration at 
asperities of a rough surface. Higher roughness generates localized weak 
points where dislocation nucleation is facilitated, thereby reducing the 
effective resistance of the material against indentation. Consequently, 
lower values of (Pcr1) are expected. This finding highlights that the 
machine learning model not only captures the training data accurately 

Table 3 
Multi-output model: separate networks for different target groups.

Model Targets N- 
layer

N- 
neurons

Activation Drop-out Optimizer Learning 
rate

Weight- 
decay

coefficient of determination 
(R2)

Multi 
output

Pcr1, Pcr2, Pdr1, Pdr2, 
U, H

3 65,70,82 Tanh, Tanh, 
Sigmoid

0.27, 0.17, 
0.14

Adam 0.00221 0.0030 0.934

Multi 
output

D1, D2 3 43,16,89 Tanh 0.21, 0.11, 
0.15

Adam 0.00240 0.0035 0.961

Fig. 10. Training and validation losses convergence over epochs for the MTL model.
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Fig. 11. Prediction performance of the MTL model.
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but also reproduces the underlying physical trends governing the 
nanoindentation response.

The variation of the first critical load (Pcr1) as a function of surface 
roughness is depicted in Fig. 16 for three different indenter geometries: 
Cylindrical, Rectangular, and Berkovich, each considered under two 
crystallographic orientations (Orientation I and Orientation II).

When comparing the three geometries, the Rectangular indenter 

consistently exhibits the highest values of Pcr1. This behavior can be 
explained by its larger and more uniform contact area, which distributes 
the applied stress more evenly and thereby delays the onset of disloca
tion nucleation. In contrast, the Berkovich indenter produces the lowest 
Pcr1values. The sharp geometry of this indenter leads to severe local 
stress concentration at the tip, which promotes easier nucleation of 
dislocations. The Cylindrical indenter shows an intermediate response, 

Fig. 12. Feature contribution analysis using SHAP: Critical load (Pcr1 and Hardness (H) in the MTL model.

Fig. 13. Comparison between the results of the QC and MTL models for the Berkovich indenter and Ra = 6.5Ȧ, the blue dashdotted lines are depicted only for better 
visualization.

Table 4 
Multitask learning model.

Model Targets N-layer N-neurons Activation Drop-out Optimizer Learning 
rate

Weight-decay coefficient of determination (R2)

MTL Pcr1, Pcr2, Pdr1, Pdr2, 
U, H

Shared 2 59,91 Relu 0.15, 0.10 SGD 0.0043 0.0015 0.9573
Task1 2 36,31 Tanh 0.19, 0.24

D1, D2 Task2 2 19,18 Tanh 0.17, 0.2
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with Pcr1 values lying between those of the rectangular and Berkovich 
geometries.

Furthermore, a consistent difference between the two crystallo
graphic orientations is evident. For all indenter geometries, Orientation I 
yields higher values of Pcr1compared to Orientation II. This difference 
arises from crystallographic anisotropy: in Orientation I, the crystal 
lattice offers greater resistance to deformation and dislocation nucle
ation, whereas in Orientation II, slip systems are more easily activated, 
requiring lower critical loads.

Fig. 17 presents the predictions of the model for a rectangular 
indenter with a surface roughness of 9 Å. As observed, Pcr1 increases 
monotonically with indenter size for both crystallographic orientations, 
indicating that larger indenters require a higher critical load to initiate 
the first instability or slip event. This trend reflects a clear size effect, 
whereby an increased contact area enhances the overall resistance of the 

system against deformation. Furthermore, a consistent difference is 
evident between the two orientations: for all indenter sizes, Pcr1 values 
corresponding to Orientation I remain higher than those of Orientation 
II. This implies that Orientation I exhibits greater hardness and requires 
more energy to trigger instability, whereas Orientation II is compara
tively softer and yields more readily.

Overall, these figures highlight three key physical insights that are 
well captured by the model: (1) the decrease of Pcr1 with increasing 
roughness, (2) the strong dependence of the response to indenter ge
ometry, and (3) the significant role of crystallographic orientation in 
governing the onset of dislocation nucleation.

5. Conclusions

This study presents a deep learning framework for predicting the 
mechanical response of nanoindentation using the data generated by the 
quasicontinuum method. By leveraging neural networks, complex 
nonlinear relationships between key nanoindentation parameters, 
including critical loads (Pcr1, Pcr2), load drops (Pdr1, Pdr2), indentation 
depths (D1, D2), hardness (H), and energy dissipation (U) are success
fully modeled. The results confirm that the developed deep learning 
model can effectively capture material deformation mechanisms at the 
atomic scale while significantly reducing computational costs compared 
with conventional QC simulations.

One of the key contributions of this work is the evaluation of three 
different machine learning models. The multioutput model, which pre
dicts all indentation parameters simultaneously, provides a useful 
baseline but struggles with weakly correlated features. The two separate 
model approach, where indentation depths (D1, D2) are separated from 
other mechanical properties, which improves prediction accuracy by 
reducing interference between unrelated outputs. However, the multi
task learning (MTL) model outperforms both alternatives, achieving the 
highest accuracy and lowest computational cost by leveraging shared 

Fig. 14. Comparison between the results of QC and MTL models for the cylindrical indenter and smooth surface; the blue dashdotted lines are depicted only for 
better visualization.

Table 5 
Comparison of QC and MTL models for the Berkovich indenter on a rough 
surface.

H (Gpa) U (ev) Run time (h)

QC model 21.70 6.25 45
MTL model 21.23 6.11 4.2
Error (%) 2.16 2.24 ___

Table 6 
Comparison of QC and MTL models for the spherical indenter on a smooth 
surface.

H (Gpa) U (ev) Run time (h)

QC model 18.66 7.95 21
MTL model 19.13 8.31 4.2
Error (%) 2.51 4.52 ___
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learning between related variables.
The superiority of the MTL approach is due to its ability to capture 

interdependencies between mechanical properties while preventing 
interference from weakly correlated variables. Unlike the simple mul
tioutput model, where each target variable is treated independently, 
MTL explicitly organizes the learning process into two related tasks: one 
focused on penetration (D1, D2) and the other on critical loads, load 
drops, hardness, and energy dissipation. This structured learning process 
allows the model to benefit from shared feature representations, where 
relevant information from one task can improve predictions for another. 
By preventing unrelated outputs from interfering with each other, MTL 
effectively reduces prediction errors and enhances model robustness. 
Additionally, MTL reduces the risk of overfitting by enforcing regulari
zation through task sharing, leading to improved generalizability to 
unseen data.

To validate the performance of the models, two case studies were 
conducted: (1) a Berkovich indenter on a rough copper surface with 
crystallographic orientation I and (2) a cylindrical indenter on a smooth 
surface with orientation II. In both scenarios, the deep learning 

predictions closely matched the QC simulations, with minimal errors in 
critical load and hardness predictions. This confirmed that the proposed 
framework could reliably model material behavior across different 
nanoindentation conditions.

The proposed deep learning framework has demonstrated its ability 
to successfully capture the influence of key physical features, such as 
indenter geometry, surface roughness and crystallographic orientation, 
on the nanoindentation response. The predicted trends are in close 
agreement with the underlying atomic-scale physics: the model 
correctly identifies the reduction of the critical load with increasing 
surface roughness, the strong dependence of the response on indenter 
geometry, and the anisotropic behavior associated with crystallographic 
orientation. These findings highlight that the model not only reproduces 
the training data but also generalizes well to unseen cases, providing 
physically consistent predictions that align with established mechanisms 
of dislocation nucleation.

A crucial aspect of this study was overfitting; a common challenge in 
machine learning models trained on high-dimensional physical data. 
Nested cross-validation was used to ensure robust hyperparameter 

Fig. 15. Variation of the first critical load (Pcr1) with surface roughness for the Berkovich indenter in two crystallographic orientations.

Fig. 16. Comparison of the first critical load among Cylindrical, Rectangular, and Berkovich indenters as a function of surface roughness in two crystallographic 
orientations.
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tuning by separating the model selection process from the final perfor
mance evaluation, preventing information leakage between the training 
and validation sets and the mini-batch. Additionally, regularization 
techniques such as weight decay and dropout were applied to control 
model complexity weight decay penalized large weights for stability, 
whereas dropout randomly deactivated neurons to encourage robust 
feature learning. Finally, early stopping was employed to halt training 
once the validation performance plateaued, avoiding unnecessary 
overfitting. These combined strategies ensured that the trained neural 
networks maintained high accuracy and reliability across unseen data.

Another advantage of the proposed deep learning framework is its 
computational efficiency. While traditional QC simulations are compu
tationally demanding and require significant processing time for each 
indentation scenario, the trained neural networks provide near- 
instantaneous predictions. This efficiency makes the model well-suited 
for high-performance studies, where multiple indentation conditions 
need to be analyzed rapidly. The ability to predict material behavior 
with minimal computational cost opens new possibilities for large-scale 
material screening and optimization.

The proposed MTL framework provides a promising foundation for 
future advancements in AI-driven nanomechanics, enabling more effi
cient material characterization and design. As deep learning continues 
to evolve, its integration with multiscale modeling and experimental 
data is expected to further enhance our understanding of nanoscale 
mechanical phenomena.

While the present study focused on copper thin films, the proposed 
MTL–QC framework is not limited to this specific material system. 
Owing to its flexible structure, the framework can be readily extended to 
other crystalline metals, as long as appropriate simulation parameters 
are provided. Moreover, with suitable scaling of boundary conditions 
and loading configurations, the methodology can be adapted to inves
tigate bulk materials as well. This generalizability highlights the po
tential of the MTL–QC approach as a versatile tool for predicting 
nanoscale mechanical properties across a wide range of materials and 
geometries, beyond the specific case investigated here.
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