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Abstract

This study investigates the use of artificial neural
network (ANN)-based surrogate models for predicting
residual velocities in impact problems under varying
conditions. Building upon the combination of FEM sim-
ulations and incubation time fracture criteria, this paper
extends the methodology by exploring multiple ANN ar-
chitectures tailored to capture complex impact dynam-
ics, including cases involving composite targets and vari-
able impactor velocities. Special attention is given to
identifying failure modes of the FEM model. The results
demonstrate that appropriately configured ANN surro-
gates can effectively reduce computational costs and
achieve accurate predictions in the case of high-velocity
impacts.
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1 Introduction

In recent years, neural networks—particularly artifi-
cial neural networks (ANN) and convolutional neural
networks (CNN)—have garnered considerable attention
for their ability to address a broad spectrum of prob-
lems in engineering [Knyazev et al., 2023, Kamalov
et al., 2023, Istomin and Pavlov, 2024, Gromov et al.,
2024, Le Viet et al., 2024, Tarasova and Moseiko, 2025]
and mechanics [Istomin et al., 2023, Eischens et al.,
2025,Li and Mao, 2024, Zhao et al., 2024a,Zhang et al.,
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2024, Kazarinov and Khvorov, 2024]. Their applica-
tions have been especially prominent in fluid dynam-
ics [Rana et al., 2024, Sharma et al., 2023, Souayeh
et al., 2021, Brown et al., 2022, Portal-Porras et al.,
2021] and solid mechanics [Singh et al., 2024, Ishtiaq
et al., 2025, Mianroodi et al., 2021, Gao et al., 2025].
When combined with numerical methods, neural net-
works have demonstrated significant efficacy in solving
complex engineering challenges. They have been suc-
cessfully employed for shape optimization [Zheng et al.,
2025, Leng et al., 2024], material property estimation
[Ejaz et al., 2022, Tariq et al., 2024], and modeling of
intricate mechanical systems [Rojek et al., 2021, Wen
et al., 2022], many of which are otherwise computa-
tionally demanding. These advancements have not only
broadened the role of machine learning in engineering
but have also enhanced the efficiency of design and opti-
mization processes—particularly in scenarios involving
high complexity or large-scale simulations.

CNNs, in particular, have shown notable promise in
solid mechanics, especially in the design and optimiza-
tion of composites [Shokrollahi et al., 2023, Tabian et al.,
2019], metamaterials [Zhao et al., 2024b, Hu et al.,
2024], nanomaterials [Choudhary et al., 2022], and other
structurally complex materials [Alli et al., 2024]. A
key advantage of CNNss lies in their ability to efficiently
capture and extract features from high-dimensional data
[Rao and Liu, 2020]. This feature extraction capa-
bility is critical for training accurate predictive mod-
els and is instrumental in optimizing network perfor-
mance. Compared to conventional ANNs, CNNs possess
greater representational power, making them particularly
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well-suited for handling the complex data structures fre-
quently encountered in materials science [Duran et al.,
2025]. Moreover, the inherent architecture of CNNs en-
ables them to more effectively address challenges such
as cross-scale analysis [Wu et al., 2025]. This architec-
tural advantage leads to improved accuracy and compu-
tational efficiency in material design, thereby streamlin-
ing the development of advanced mechanical systems.

Despite their advantages, CNNs exhibit certain limita-
tions. Their performance is highly sensitive to the qual-
ity and distribution of the input data. In situations where
datasets are limited or imbalanced, CNNs are suscepti-
ble to overfitting—yielding high performance on train-
ing data but poor generalization to unseen data [San-
tos and Papa, 2022, Bejani and Ghatee, 2021]. This is-
sue is particularly acute in complex mechanical systems,
where acquiring extensive experimental or simulation
data can be challenging. To address these limitations,
researchers have proposed various enhancements [Cao
etal., 2022,Bacanin et al., 2022]. Among the most effec-
tive strategies are deeper network architectures and alter-
native designs, such as residual networks (ResNets) [He
et al., 2016, Shafiq and Gu, 2022], which improve multi-
scale feature extraction and enhance model generaliza-
tion.

The convergence of growing computational capabil-
ities and the exponential increase in data availability
has made the integration of machine learning with tra-
ditional numerical techniques—such as the Finite El-
ement Method (FEM) and Finite Difference Method
(FDM)—an increasingly vital approach in engineering
mechanics [Huang et al., 2025]. Conventional numer-
ical methods, while highly accurate, are often compu-
tationally expensive, particularly when applied to large-
scale structures or problems involving dynamic loading
conditions [Cheng et al., 2024]. Their high computa-
tional cost and resource demands continue to pose sig-
nificant challenges [Kononenko and Kononenko, 2018].
Consequently, recent research has focused on incorpo-
rating machine learning into these frameworks to im-
prove computational efficiency without sacrificing ac-
curacy [Mitusch et al., 2021]. A common approach
involves replacing specific components of the numer-
ical computation process with machine learning mod-
els [Jokar and Semperlotti, 2021]. For example, in fi-
nite element analysis, tasks such as iterative meshing,
equation solving, and repeated simulations can be time-
consuming. By leveraging neural networks, researchers
can develop surrogate models that predict structural re-
sponses directly from design parameters or initial con-
ditions, thereby bypassing many of the iterative steps
[Mendizabal et al., 2020]. This methodology can sig-
nificantly reduce computation times, particularly in ap-
plications such as structural and shape optimization or
material design [Cheng et al., 2024]. In such contexts,
machine learning models offer rapid approximations that
can subsequently be refined using traditional numerical
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methods, thereby achieving a balance between compu-
tational efficiency and predictive accuracy [Huang et al.,
2025].

In this study, we develop and evaluate artificial neural
network (ANN)-based surrogate models for predicting
residual velocities in impact scenarios characterized by
complex and variable conditions. By leveraging datasets
generated from finite element method (FEM) simula-
tions and guided by the incubation time fracture crite-
rion, our approach advances previous work by systemat-
ically investigating multiple ANN architectures tailored
to capture intricate impact dynamics. These include sce-
narios involving composite target materials and a range
of impactor velocities. The findings demonstrate that
well-configured ANN surrogates not only maintain high
predictive accuracy but also significantly reduce compu-
tational costs, particularly in high-velocity impact con-
ditions. The main contributions of this study are as fol-
lows:

Development of ANN-based surrogate models for
impact prediction: This work introduces a suite
of artificial neural network architectures specifically
designed to predict residual velocities under vary-
ing impact conditions, including high-velocity and
composite target scenarios.

Integration of FEM simulations and incubation
time fracture criteria: By combining finite ele-
ment simulation outputs with a dynamic fracture
model, the study generates high-quality training
data and identifies critical failure modes to inform
surrogate model design.

Significant reduction in computational cost with
preserved accuracy: The proposed ANN surro-
gates achieve accurate predictions while dramati-
cally lowering the computational burden compared
to traditional FEM approaches, making them suit-
able for rapid analysis and design optimization in
impact engineering.

2 Materials, Methods and Problem Statement

In this section, we present the problem under investi-
gation. Specifically, we analyze the penetration behavior
of composite barriers impacted by steel projectiles, em-
ploying both the finite element method (FEM) and arti-
ficial neural networks (ANNs). The base target material
is assumed to be polymethylmethacrylate (PMMA), and
the residual velocity of the projectile is used as a key per-
formance indicator of the barrier’s resistance—the lower
the residual velocity, the greater the protective capabil-
ity of the barrier. We begin by addressing a fundamen-
tal case: the penetration of a homogeneous PMMA tar-
get by steel projectiles at various impact velocities. This
scenario is simulated using FEM in conjunction with the
incubation time fracture criterion (ITFC), and the sim-
ulation results are calibrated against empirical impact
data. Next, we extend the analysis to composite targets
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Figure 1.

composed of segments with differing mechanical prop-
erties. A series of such simulations is conducted for tar-
gets with varied compositions, generating a dataset of
solutions. This dataset is then used to train artificial neu-
ral networks capable of predicting the residual velocity
for other configurations within the same class of prob-
lems. Further methodological details are provided in the
subsequent subsections.

2.1 Problem Statement

The objective of this study can be formally articulated
as follows: Consider a family of MM problems, where
each individual problem is defined by a parameter vec-
tor P = (P}, PJ,...,P}), with j € [1,M]. Each
configuration P’ is mapped to an outcome R’ through
the finite element method (FEM) or an equivalent nu-
merical approach. We explicitly acknowledge the pos-
sibility of unsuccessful computations, wherein no result
is obtained for certain configurations (i.e., R/ = ), due
to the failure of the numerical scheme. Accordingly, the
dataset-comprising this family of configurations and cor-
responding outcomes-can be represented as:

{P? - R}, jel,M] (1)

The aim is to develop an algorithm capable of map-
ping a new, previously unsolved configuration P+ to
a corresponding result RM+1 without executing the full
numerical solution. This algorithm should also be able
to handle cases where R? = (), i.e., when the numeri-
cal solution fails. These problematic cases are addressed
using knowledge derived from configurations that have
been successfully solved. The parameter vector P/ may
represent various aspects of the system, such as sam-
ple geometry, material properties, loading conditions, or
combinations thereof. In the context of this study, PI

The FEM Model calibration — homogenous target configuration; experimental results from.

specifically characterizes the composite configuration.
Artificial neural networks (ANNs) are employed as the

predictive algorithm, trained on a dataset comprising M
successfully solved problems. The dataset size M is as-
sumed to be sufficiently large to ensure the predictive
performance of the ANN has reached a stable level.

2.2 Materials

As previously noted, PMMA is used as the material for
the baseline case involving the impact of a homogeneous
PMMA target by a cylindrical steel projectile. The per-
formance of the FEM model is validated against exper-
imental data, with both the numerical and experimental
results for the homogeneous target presented in Figure 1.

From a mechanical perspective, the problem can be de-
scribed as follows: a 10 mm thick circular PMMA plate
with a diameter of 100 mm is impacted by a cylindrical
steel projectile. The projectile has a diameter of 6.9 mm
and a length of 30 mm.

As the projectile interacts with the target, it deceler-
ates, and the objective of the analysis is to determine its
residual velocity after penetration. The extent of deceler-
ation is influenced by the configuration of the target ma-
terial, and therefore, an artificial neural network (ANN)
is employed to predict the residual velocity of the projec-
tile for various target configurations. To enable accurate
prediction, the following material parameters are taken
into account: Initial velocity of the projectile; Density
of the projectile; Elastic modulus of the projectile; Pois-
son’s ratio of the projectile; Density of the target; Elastic
modulus of the target; Poisson’s ratio of the target; Static
strength of the target; Incubation time of the target. In
this study, the parameter values are varied within +20%
and +40% of their baseline values, while the initial ve-
locity is selected from a specified range of 30 m/s to 300
m/s.
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Figure 2. Spatial integration in the ITFC.

2.3 Methods

This section outlines the numerical approaches em-
ployed to generate the dataset, as well as the artificial
neural network (ANN) architectures used for predicting
the residual velocity.

2.3.1 Finite Element Model (FEM) The impact
problem is simulated using the LS-DYNA finite element
solver, which operates with an explicit time integration
scheme. A custom material model is incorporated into
LS-DYNA to implement a dynamic fracture mechanism
based on the incubation time fracture criterion (ITFC).
The computational domain is discretized using square
elements with four integration points, and all target con-
figurations are meshed with uniformly sized square el-
ements, as required by the constraints of the fracture
model. The FEM model is calibrated against established
experimental data [reference], and both the experimental
and numerical results are presented in Figure 1. Addi-
tionally, the stress distribution at 36 ps is illustrated for a
projectile velocity of 91 m/s.

The dynamic fracture of brittle solids is a complex
phenomenon that necessitates the application of appro-
priate fracture models to enable reliable simulation out-
comes. These models must be capable of capturing
key dynamic fracture effects, such as the dependence
of material strength on the loading rate (e.g., see [Ravi-
Chandar and Knauss, 1984, Cadoni et al., 2013]) and the
phenomenon of fracture delay [Kalthoff and Shockey,
1977, Shockey et al., 1986, Mikhailova et al., 2017].
Common approaches for investigating dynamic frac-
ture include models based on the stress intensity fac-
tor, which are widely used in studies of crack propaga-
tion [Rosakis and Ravichandran, 2000], as well as mod-
els that explicitly incorporate strain rate effects, such
as the widely adopted Johnson-Holmquist (JH-2) model
[Johnson and Holmquist, 1994]. In the present study,
dynamic fracture is predicted using the incubation time
model [Petrov and Utkin, 1989, Petrov, 1991], which
has demonstrated effectiveness across various scenarios,
including dynamic crack propagation [Smirnov et al.,
2019, Kazarinov et al., 2021], spallation [Mikhailova
et al., 2017], impact events [Kazarinov et al., 2020], and
solid particle erosion [Evstifeev et al., 2018]. This model
is particularly attractive due to its relative simplicity and
robust performance. Accordingly, the incubation time
approach has been employed in this work. The model is
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described as follows:
1 t 1 x+d
; /;77— g A O'(.T/,t/)dl'/dt/ Z O¢ (2)

In equation 2, o, represents the ultimate stress of the
material under investigation, and d denotes the charac-
teristic minimal size of the fractured zone. This parame-
ter defines the scale below which damaged areas are not

classified as fractures. The parameter d is calculated us-
ing the expression:

, 2
wo2

where K. is the critical stress intensity factor. No-
tably, fracture is an inherently non-local phenomenon,
implying that models relying on a single point cannot
adequately capture fracture behavior. However, at the
macro-scale, fracture is typically viewed as the culmina-
tion of preliminary damage processes, including the coa-
lescence of microdefects, microcracks, and voids. These
processes are influenced by the material’s damage his-
tory and a time-dependent parameter known as the incu-
bation time 7. Criterion (2) is commonly employed to
predict brittle fracture, and significant success has been
reported in dynamic plasticity modeling using the incu-
bation time approach [Selyutina and Petrov, 2022].

Input layer FC[10] FCI8] output layer

OO‘Q.O‘OQOOO
OOQQQ’OOOOO
OOO0O0O00O0O0
O

Figure 3.  Architecture diagram of the artificial neural network. The
dimension of the input to the network structure shown as an example
is 9. The first hidden layer is a fully connected network containing 10
neurons, denoted using FC[10], and the second hidden layer is a fully
connected network containing 8 neurons, denoted using FC[8]. This
network structure can be abbreviated as FC[10, 8], and we still extend

this naming convention in the following.

The model is implemented in LS-DYNA using user-
defined material subroutines (UMAT41). Stress histories
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Figure 4. Visualisation of common activation functions.

are recorded in designated arrays, and the time integra-
tion in equation (2) is performed using the trapezoidal
rule. A regular mesh with square elements is used in all
simulations, with stresses calculated at four Gauss inte-
gration points per element. These stresses are then av-
eraged to compute the inner spatial integral in equation
(2). If criterion (2) predicts fracture at any integration
point within an element, the element is removed from
the mesh. The following angular areas are evaluated (re-
fer to Figure 2b): « = 0, 5, £%5,+ 7, +%.

3 ANN models
3.1 Network structure

The Artificial Neural Network (ANN) is a class of
mathematical models used for information processing
and learning, which is inspired by the connections be-
tween neurons in biological systems. An ANN consists
of an input layer, one or more hidden layers, and an
output layer, with neurons in each layer interconnected
through fully connected (FC) connections (Figure 3).

The input layer receives the data, with each node cor-
responding to an individual input variable. The hidden
layer, comprising multiple neurons, processes these in-
puts by applying weights through the fully connected
structure. Finally, the output layer generates the net-
work’s prediction. In the forward propagation phase,
the input data is passed through the network’s fully con-
nected layers to compute the output. Let the inputs be
denoted as x = [z1,Z3,...,z,]. Each neuron within
the network performs a linear combination of these in-
puts, which is subsequently transformed through a non-
linear activation function. Specifically, the output of a
given neuron is given by:

n
zZj = E Wi Ti + bj
i=1

y; = f(25)

3)
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where w;; is the weight of input x; to neuron j, b; is the
bias, and f(z;) is the activation function.

In the output layer, the final predicted value is calcu-
lated by weighted combination with the formula:

§=F>_ woy; +bo) )
j=1

where w,; is the weight from the hidden layer neuron j
to the output layer, b, is the bias of the output layer, and
f is the activation function of the output layer.

Through training, the ANN continuously adjusts the
weights w;; and bias b; to optimise the model for achiev-
ing improved prediction performance on specific tasks.

3.2 Activation function

Activation functions play a critical role in enabling

neural networks to model nonlinear relationships. In the
absence of an activation function (as defined in Equation

3), a neural network reduces to a purely linear transfor-
mation of Equation 4.

Consequently, regardless of the number of layers, the
network remains a linear model, rendering it incapable
of addressing complex nonlinear tasks. Common activa-
tion functions are shown in Figure 4, including Sigmoid,
Tanh, ReL U, and Leaky ReLLU. The Sigmoid function

1

outputs values in the range of 0 to 1, making it well-
suited for the output layer in binary classification tasks.
However, its tendency to produce very small gradients
for large positive or negative inputs often leads to the
vanishing gradient problem, thereby hindering the net-
work’s learning capability. The Tanh function,

et —e*

Tanh(zx) = ———
which maps inputs to the range of -1 to 1, offers im-
proved gradient flow compared to Sigmoid, yet still suf-
fers from vanishing gradients in deep neural architec-
tures.

The ReLLU (Rectified Linear Unit) activation function
is currently the most commonly used activation function
and is defined as:

ReLU = max(0,x)

The ReLU offers the advantages of computational sim-
plicity and effective mitigation of the vanishing gradient
problem, thereby facilitating the training of deep neu-
ral networks. However, ReLU is susceptible to the issue
of "neuron death”, wherein neurons become inactive by
outputting zero for all negative input values. This inacti-
vation prevents the affected neurons from contributing to
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learning, thereby impairing the overall representational
capacity of the network. To address this limitation, the
LeakyReLU activation function was introduced. Its for-
mulation is given as follows:

T ifz >0

LeakyReLU (x) = { i

ar ifx<0
where « is a small positive constant (e.g., 0.1), the
LeakyReLU function permits a non-zero gradient when
the input is negative, thereby mitigating the problem of
neuron death. This feature enhances the network’s abil-
ity to extrapolate and improves learning efficiency. Com-
pared to ReL U, LeakyReLU is better suited for deep net-
works, as it maintains gradient flow in the negative input
domain, contributing to improved training stability and
generalization performance.

In this study, LeakyReLU is selected as the activation
function primarily due to its ability to effectively miti-
gate the neuron death issue associated with ReL.U and to
enhance the network’s extrapolation capacity. When ap-
plied to complex deep neural architectures, LeakyReLU
contributes to maintaining network stability and pre-
vents the occurrence of inactive neurons during training,
thereby improving both the model’s performance and its
generalization capability.

3.3 Normalisation techniques

Normalization techniques are widely employed in deep
learning to improve training stability and convergence
speed by addressing internal covariate shift. Two promi-
nent methods are Batch Normalization (BN) and Layer
Normalization (LayerNorm).

Batch Normalization operates across the mini-batch di-
mension, normalizing each feature independently over
a batch of samples. For a feature vector x =
{x1,22,...,Tm} across m samples, the mean and vari-
ance are computed as:

1 m
B = szl
X Z;l (5)
2 _ - L 2
Op = m ;(xz 1B)

The normalized value and affine transformation are
given by:

4. = Fi_ HMB
Vg +e (©6)
yi =i + B

where, v and (3 are learnable parameters, and ¢ is a small
constant added for numerical stability.
In contrast, Layer Normalization normalizes across the

features of each individual sample. Given an input vec-
tor x = (x1,23,...,zy) with H features, the normal-
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ization statistics are calculated as:
T
n= I7 Z L

Jj=1

. @)
1 2
o’ = T Z(xj —
j=1

The normalized feature and affine transformation are
then:

P
SRR (8)
yj =i+ 0

While Batch Normalization is highly effective in con-
volutional and feedforward networks with sufficiently
large batch sizes, it becomes less reliable in sequence
models or when batch sizes are small or variable. Layer
Normalization, by computing statistics per individual
sample, is better suited for recurrent networks and
transformer-based architectures. The primary distinc-
tion lies in the normalization axis: BN normalizes across
samples per feature, whereas LayerNorm normalizes
across features per sample.

In this work, the neural network adopts a fully con-
nected architecture. While Batch Normalization (BN)
has proven effective in deep networks, its performance
can deteriorate when the batch size is small or inconsis-
tent, due to the reliance on accurate batch-wise statistics.
This limitation is particularly critical in fully connected
settings where batch sizes may not be large enough to
ensure stable estimates of the mean and variance. To ad-
dress this issue, we employ Layer Normalization (Layer-
Norm), which computes normalization statistics across
the feature dimension of each individual sample, mak-
ing it independent of batch size. This property ensures
consistent behavior during both training and inference,
especially when deploying the model in settings where
batch-wise variation is present. By normalizing activa-
tions per sample, LayerNorm effectively stabilizes the
hidden state dynamics in fully connected layers, lead-
ing to improved convergence and generalization perfor-
mance.

4 Results
4.1 Architecture of the model

The architecture illustrated by figure 5, employed in
this study is a fully connected feedforward neural net-
work composed of an input layer, two hidden layers, and
an output layer. This structure is designed to model non-
linear dependencies in the input data while promoting
numerical stability and efficient convergence.

The input layer accepts a vector of dimensionality d,
which is fully connected to the first hidden layer via
equation (3) of n = Nj. The output of this layer is
passed through the LeakyReLU activation function. The
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Figure 5. Two-layer neural network model architecture. The network
architecture that contains two hidden layers is abbreviated as FC[N 1,
N5], and for the three-layer network architecture, the hidden layer 1
is directly copied as hidden layer 2, and the original hidden layer 2

becomes hidden layer 3, which is abbreviated as FC[N- 1, N- 2, N. 3]

result is then propagated through the second fully con-
nected layer of n = N,. To enhance training dynam-
ics and mitigate internal covariate shift, Layer Normal-
ization is applied to the output of this layer. Following
normalization, a ReLU activation function is employed.
The final transformed representation is forwarded to the
output layer, which consists of a single neuron for pre-
dicting the residual velocity of a projectile.

4.2 Evaluation of the ANN efficiency

In this work, two common metrics for evaluating re-
gression performance were considered: the coefficient
of determination (R?) and the mean squared error (MSE).
Their respective mathematical definitions are as follows:

Yoy (yi — 9i)?

R2 =1- n =
Zi:l(yi - 9)2
L )
_ = RV
MSE = — ;@ i)

where y; and ¢; denote the true and predicted values, §
is the mean of the true values, and n is the number of
samples.

The coefficient of determination (R2) was initially con-
sidered as a potential metric for evaluating model perfor-
mance. However, it was observed that R? values consis-
tently exceeded 0.99 across all tested ANN architectures
and training conditions, regardless of input complexity
or data size. While such high R? scores indicate strong
overall correlations between predicted and target values,
they offer limited sensitivity in distinguishing the perfor-
mance differences among various model configurations.

CYBERNETICS AND PHYSICS, VOL. 14, NO. 2, 2025

This insensitivity arises because R? is a relative measure
of variance explained by the model and becomes satu-
rated when residual errors are small in comparison to the
total variance of the target variable.

In contrast, the mean squared error (MSE) provides an
absolute measure of prediction error and is more sensi-
tive to fine-grained differences in model performance. It
directly reflects the magnitude of deviation between pre-
dicted and actual values, making it better suited for com-
parative analysis, especially in high-accuracy regimes
where R? tends to plateau. Therefore, in this study, MSE
is adopted as the primary evaluation metric for assess-
ing the impact of model architecture and dataset size on
prediction accuracy. The choice of MSE enables more
nuanced assessment of model robustness, particularly in
extrapolation tasks and scenarios involving increased in-
put variability.

4.3 Performance of different model architectures

This subsection provides a comprehensive evaluation
of different ANN model architectures, focusing on the
effects of network depth, activation functions, normal-
ization techniques, and training data size. By comparing
multiple configurations under varying input conditions,
the analysis aims to identify structural components that
significantly influence model accuracy, efficiency, and
generalization ability.

Table 1 presents a comprehensive performance com-
parison of various artificial neural network (ANN) archi-
tectures that incorporate both LeakyReLU activation and
Layer Normalization (denoted as FC*) under different
input parameter perturbation configurations: 20%, 20%-
geo, 40%, and 40%-geo. Each architecture is defined
by its specific layer width configuration, ranging from
shallow models such as FC*[64,128] to deeper structures
like FC*[256,512,256]. All models are evaluated on a
fixed test set consisting of 1000 samples, with perfor-
mance quantified using mean squared error (MSE) and
coefficient of determination (R?).

The results show that while R? remains consistently
high across all configurations—typically above 0.99 and
therefore less discriminative—MSE provides more gran-
ular insight into performance differences. In partic-
ular, the architecture FC*[256,256] achieves the low-
est MSE for the 20% and 40% settings, with values
of 47.803 and 34.207, respectively. For the 20%-geo
and 40%-geo configurations, the best-performing mod-
els are FC*[256,512], reaching MSE values of 44.921
and 34.177. These optimal models are highlighted in the
table 1.

The findings indicate that moderately deep networks
(e.g., two hidden layers with 256 or 512 neurons) strike
a favorable balance between model complexity and pre-
dictive performance. Deeper or wider networks do not
necessarily yield better accuracy and may suffer from
overfitting or diminished generalization. This analysis
confirms that careful architectural tuning—rather than
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Table 1. Performance (MSE and R?) of various ANN architectures with LeakyReLU and LayerNorm for different configurations of the

impact problem. Optimal models are highlighted. For all configurations the test data subset has 1000 problems.

207

Configuration

20% 20% geo 40% 40% geo

MSE R? MSE R? MSE R? MSE R?
FC* [64,128] 53.724 0.9921 51.704 0.9936 46.139 0.9939 47.057 0.9941
FC* [128,64] 54.536 0.9919 52.629 0.9935 41.873 0.9943 48.932 0.9938
FC* [128,256] 51.278 0.9925 50.721 0.9937 36.521 0.9952 45.123 0.9940
FC* [256,128] 49.513 0.9927 48.329 0.9940 34.782 0.9955 43.279 0.9941
FC* [256,256] 47.803 0.9930 46.359 0.9942 34.207 0.9955 35.772 0.9955
FC* [256,512] 49.812 0.9928 44.921 0.9944 35.246 0.9950 34.177 0.9957
FC* [512,256] 52.556 0.9922 47.560 0.9941 35914 0.9950 37.955 0.9949
FC* [64,64,64] 53.028 0.9922 61.472 0.9924 37.155 0.9949 42.816 0.9942
FC* [64,128,64] 54.028 0.9919 56.440 0.9930 37.352 0.9949 49.501 0.9935
FC*[128,64,128]  50.653 0.9925 55.249 0.9932 39.008 0.9946 38.704 0.9948
FC* [128,128,128] 57.067 0.9915 49.155 0.9939 44.998 0.9935 43.279 0.9941
FC* [128,256,128] 54.062 0.9920 50.802 0.9937 43.665 0.9940 40.888 0.9945
FC* [256,256,256]  59.342 0.9911 53.621 0.9933 47.112 0.9937 36.284 0.9953
FC* [256,512,256] 58.618 0.9912 53.760 0.9933 49.327 0.9932 39.461 0.9947

Table 2. Comparison experiments (MSE). The model structure is FC[256,256] for the 20% and 40% tests, and FC[256, 512] for the 20%-geo
and 40%—geo tests, where FC denotes the absence of the LayerNorm and using only ReLU as the activation function. FC* is from the optimal
model in Table 1, and denotes the addition of the LayerNorm with the LeakyReLU.

Configuration
20% 20% geo 40% 40% geo
FC 59.90 61.78 45.98 54.09
FC+LeakyReLU 60.63 56.71 46.10 54.55
FC+LayerNorm  49.30 46.80 60.98 37.14
FC* 47.80 44.92 34.20 34.17

simply increasing model depth—is essential for optimiz-
ing performance in ANN-based surrogates, especially
under complex or high-dimensional input conditions.
Table 2 presents a comprehensive set of comparison
experiments designed to evaluate the impact of inte-
grating LeakyReLU activation and Layer Normalization
(LayerNorm) into a fully connected (FC) neural network
architecture. The baseline model, referred to as FC,
utilizes the standard ReLU activation function without
any normalization layers. To systematically assess the
contribution of each component, three extended config-
urations are considered: (1) FC+LeakyReLU, in which

ReLU is replaced with LeakyReLU to alleviate the is-
sue of neuron inactivation and improve gradient flow;
(2) FC+LayerNorm, which incorporates layer normal-
ization to enhance training stability and convergence be-
havior; and (3) FC*, the final proposed architecture that
combines both LeakyReLU and LayerNorm. All models
were tested under four input settings: 20%, 40%, 20%-
geo, and 40%-geo. The performance of each configu-
ration is evaluated using the mean squared error (MSE)
metric. The results clearly indicate that the FC* model
consistently achieves the lowest MSE across all scenar-
ios, with especially notable reductions observed in the
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Figure 6. Accuracy of the ANN models developed for the impact problem, each dot indicates one problem from the test configuration set.

40% and 40%-geo configurations, where MSE values
dropped to 34.20 and 34.17, respectively. These im-
provements highlight the synergistic effect of combin-
ing activation function refinement with normalization
techniques, underscoring their critical role in improving
model accuracy and generalization—particularly when
handling high-dimensional input variability or extrapo-
lation beyond the training domain.

Figure 6 illustrates the predictive accuracy of artificial
neural network (ANN) surrogate models developed for
the impact problem under varying degrees of input pa-
rameter perturbations. Each subplot represents a specific
testing condition, including 20% and 40% variations in
baseline parameters, as well as settings incorporating ge-
ometric perturbations (denoted as ”20%-geo” and ”40%-
geo”). In each case, the residual velocities obtained from
finite element method (FEM) simulations (green dots)
are compared with the predictions of a fully connected
ANN model (FC, red dots). The prediction errors, calcu-
lated as the difference between FEM and ANN outputs,
are marked in blue. The ANN models show a strong abil-
ity to reproduce the general distribution of residual ve-
locities across diverse configuration spaces. Notably, the
prediction errors remain relatively small and are mostly
concentrated in lower velocity regimes, indicating the
model’s stability even under complex, high-variability

input conditions. These results highlight the potential
of ANN-based surrogates for efficient and reliable ap-

proximations of computationally expensive impact sim-
ulations.

Figure 7 further evaluates the impact of training dataset
size on the performance of the ANN models. For
the 20% and 40% test settings, a network architec-
ture (FC[256, 256]) is used, whereas a deeper structure
(FC[256, 512]) is adopted for the 20%-geo and 40%-geo
cases to account for the increased complexity due to ge-
ometric variability. The results show a clear trend: as
the amount of training data decreases, the mean squared
error (MSE) increases in all settings. This degradation
is particularly noticeable in the geo-perturbed cases, in-
dicating that more training samples are required to gen-
eralize effectively when the input space includes struc-
tural or geometric variations. These findings highlight
the sensitivity of ANN performance to both dataset size
and input complexity, reinforcing the need for careful
model scaling in data-limited applications.

4.4 Extrapolation capability of ANN models

The figure 8 depicts a finite element method (FEM)
simulation result illustrating the failure occurring at high
impactor velocities (382 m/s). The model consists of two
distinct parts: the red-colored impactor and the blue-
colored target, both represented with mesh elements.
The enlarged view emphasizes the region experiencing
failure, highlighting unstable contact conditions and ex-
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Figure 7. Efficiency (MSE) of ANN model depending on the dataset size for the impact problem.

Figure 8.

cessive deformation, as evidenced by significantly dis-
torted and fragmented mesh elements. This figure visu-
ally illustrates the limitation of FEM under high-velocity
impacts, specifically demonstrating the instability and
numerical errors resulting from extreme element distor-
tion.

ANN can serve as efficient alternative models for pre-
dicting residual velocities in high-speed impact scenar-
ios, significantly reducing computational expense com-
pared to traditional finite element methods (FEM). By

FEM failure for higher impactor velocities: unstable contact and excessive element deformation.

training the NN on a comprehensive dataset generated
from detailed FEM simulations or experimental data, the
model can learn complex nonlinear relationships inher-
ent in the impact mechanics. Once adequately trained,
neural networks rapidly approximate residual velocities
for new scenarios without performing computationally
expensive iterative calculations.

Figure 9 demonstrates the extrapolation capability of
the trained artificial neural network (ANN) models in
predicting residual impactor velocities beyond the train-
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Figure 9. Demonstration of the extrapolation capability of the ANN model. The topmost red dot is for the problem with an initial velocity of 382

m/s and its experimental residual velocity of 321 m/s. This initial velocity lies outside the data distribution in the training set.

ing data range. In this test, the ANN models are eval-
uated on input cases with initial impactor velocities ex-
tending up to 400 m/s, while the training dataset only
covers the range [30, 300] m/s. For the 20% and 40%
test cases, the network architecture FC[256, 256] is em-
ployed, and for the 20%-geo and 40%-geo cases, a
deeper structure FC[256, 512] is used to accommodate
geometric variability. The figure compares the ANN pre-
dictions (green triangles) with corresponding finite ele-
ment method (FEM) results (blue triangles) and experi-
mental data (red circles).

Of particular interest is the prediction at an initial im-
pactor velocity of 382 m/s, which lies well beyond the
training distribution. The ANN model successfully pre-
dicts a residual velocity that closely matches the experi-
mental measurement of 321 m/s, demonstrating not only
numerical accuracy but also physical consistency. This

result underscores the model’s ability to generalize to un-
seen high-velocity impact conditions and suggests that,

when appropriately trained, ANN surrogates can serve
as reliable predictive tools even outside the interpolation
regime.

5 Conclusion

In summary, this study demonstrates that carefully de-
signed artificial neural network (ANN) architectures can
serve as effective surrogate models for complex impact
problems. The results reveal that while common per-
formance metrics such as R? may become saturated in
high-accuracy regimes, MSE provides a more sensitive
and informative measure for comparing different model
structures. Experiments show that the incorporation of
LeakyReLU and Layer Normalization significantly en-
hances model performance, especially in high-variability
and geometrically complex settings. Moderate-depth
architectures (e.g., FC*[256, 256] and FC*[256, 512])
achieve optimal accuracy across most configurations,
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while further increases in depth or width offer dimin-
ishing returns. Furthermore, the models exhibit strong
generalization capability, including accurate extrapola-
tion beyond the training domain—successfully predict-
ing outcomes for unseen high-velocity scenarios. These
findings highlight the importance of architectural tun-
ing and regularization in developing robust and data-
efficient ANN surrogates for high-dimensional, nonlin-
ear physical systems.
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