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Predicting the evolution of wear in metallic structural components is vital for 
accurately estimating the lifetime of engineering equipment. However, this 
remains a significant challenge due to the prohibitively large number of cycles 
required for traditional experiments or simulations. To address this, we established 
a data-driven approach to predict metal wear evolution during dynamic 
mechanical interactions. Our methodology involves two main steps: 
developing a high-fidelity finite element (FE) model to accurately simulate the 
wear, and then training a deep learning model that uses applied loads and 
historical wear data to predict future wear evolution. We selected contact wire 
clips in a high-speed railway system as a practical example, where the accuracy of 
our numerical model was successfully validated by experimental results in 
calculating wear distribution. The subsequent deep learning model 
demonstrated high accuracy (R2 > 0.95) in predicting future wear depth at 
distinct positions against ground truth data. This presented approach offers a 
wide range of applications for predicting the wear evolution of equipment in 
various engineering fields.
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1 Introduction

Predicting the wear evolution of metal structural components is of crucial importance in 
engineering systems for accurately assessing equipment service life. As a primary failure 
mechanism in mechanical systems, wear not only affects equipment reliability and safety but 
also directly impacts maintenance costs and economic benefits. Particularly in critical 
infrastructure sectors such as high-speed railways, aerospace, and energy equipment, 
precisely predicting the wear behavior of metal components has become a core 
challenge in engineering practice (Archard, 1953; Bhushan, 2013; Hsu and Shen, 2004; 
He et al., 2021; Enblom, 2009; Flodin and Andersson, 2001; Liu et al., 2025; Karakurt et al., 
2024). Recent research has demonstrated significant advancements in enhancing wear 
resistance through strategic material design, including ceramic particle reinforcement, 
nanoparticle incorporation, and thermal processing optimization. These approaches 
effectively modify microstructures to achieve superior tribological performance and 
extended component durability. However, translating these material innovations into 
practical wear prediction models remains challenging due to complex material behaviors 
and interfacial interactions that require extensive validation across diverse operating 
conditions (Sager et al., 2022; Nama et al., 2023; Karaca et al., 2024). This challenge is 
often compounded by long experimental cycles, high costs, and difficulties in numerical 
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simulation, which severely restrict prediction accuracy and practical 
applicability (Bucca and Collina, 2009; Hsu et al., 1997; Shah et al., 
2025). The Finite Element Method (FEM) demonstrates significant 
potential in the field of metal wear prediction. Gonzalez utilized 
finite element analysis to determine critical wear levels of contact 
wires in urban rail transit, providing an important foundation for 
catenary system design optimization (González et al., 2008). Wei 
et al. proposed a wear calculation model for metro rigid catenary 
conductors and pantograph strips. By analyzing wear distribution 
and conductor layout, Wei et al. achieved accurate wear prediction, 
providing a scientific basis for extending equipment lifespan, 
developing differentiated maintenance strategies, and optimizing 
conductor arrangements (Wei et al., 2020). The core advantage of 
FEM lies in its ability to accurately consider the influence of contact 
pressure distribution, material property variations, and complex 
geometric shapes on wear behavior, thereby offering a more precise 
physical foundation for wear prediction (Liu et al., 2018; Najeh et al., 
2021; Wang et al., 2024). For instance, Kim et al. proposed a 
numerical simulation method for predicting oscillating metal 
contact wear by utilizing wear rates measured from pin-disk 
tribometer tests as inputs. Their computational results 
demonstrated excellent agreement with block-ring experiments, 
effectively reducing computational costs (Kim et al., 2005). 
Similarly, Bose et al. developed an FEM-based sliding wear 
prediction method for rail materials by obtaining contact 
pressures at contact nodes and combining them with the 
Archard wear model to calculate wear volume (Bose and 
Ramkumar, 2019). Nevertheless, traditional finite element 
simulation still faces significant challenges, particularly low 
computational efficiency and difficulties in model parameter 
calibration, when dealing with wear evolution under long-term 
cyclic loading (Kuźnar and Lorenc, 2021; González et al., 2008; 
Springis and Boiko, 2025). Specifically, in practical engineering 
problems requiring the simulation of millions of load cycles, the 
computational costs often become prohibitive, which greatly limits 
the widespread application of FEM in engineering practice (Bi, 2017; 
Rao, 2010; Marinkovic and Zehn, 2019).

In recent years, data-driven methods combined with deep 
learning have been widely used in diverse engineering. Liu et al. 
proposed a Bézier curve-based nonuniform hollow strut design for 
body-centered cubic lattices, achieving 92.8% higher stiffness and 
99.6% greater strength than benchmark structures while 
maintaining target density through deep learning optimization 
(Liu et al., 2025). Zhou et al. achieved spatial tuning of positive- 
negative Poisson’s ratio behavior in two dimensional rec-tangular 
perforated materials through gradient design combined with deep 
learning and meta heuristic algorithms, enabling precise control 
over material deformation (Zhou et al., 2024). Mulder et al. 
developed a machine learning framework addressing 
measurement errors to predict contact wire wear rates, 
achieving ±0.12 mm thickness prediction accuracy over 4 years 
with 95% confidence (Mulder et al., 2025). Chen et al. applied Partial 
Least Squares Regression to predict bearing wear in steel production 
with limited sensor data, achieving 90% prediction accuracy and 
enabling condition based maintenance instead of fixed 4 week 
replacement cycles (Chen et al., 2021). Kollu and Kittur 
systematically reviewed deep learning applications in mechanical 
engineering from 2015 to 2024, demonstrating 10%–35% accuracy 

improvements over conventional machine learning and physics 
based approaches in fault diagnosis and predictive maintenance 
(Kollu and Kittur, 2025). Karaduman et al. developed a 
convolutional neural network architecture combined with Hough 
transform and power law transformation to process 909 pantograph 
images. Experiments showed that this model outperforms classical 
architectures such as ResNet50 and VGG16 in current collector strip 
wear detection, providing a more reliable monitoring solution for 
railway power transmission safety (Karaduman and Akin, 2020). In 
the field of engineering wear prediction, research has begun 
exploring the integration of machine learning methods with 
physical models to enhance prediction accuracy and 
computational efficiency (Hu et al., 2024; Karniadakis et al., 
2021; Pashmforoush et al., 2024; Hao et al., 2023; Li et al., 2022). 
However, the existing works mainly depend on data analysis, and 
lack analysis of wear evolution, which fails to find key factors control 
wear evolution, and therefore, a large number of data is required in 
prediction.

In railway system, the wear behavior of key components in high- 
speed railway power supply systems directly affects the safety and 
reliability of train operations (Li et al., 2023; Wu et al., 2023). Usuda 
established a contact wire wear prediction model by measuring 
pantograph contact force, off-line arcing, and current collection on 
commercial Shinkansen lines. This model revealed that wear in high 
current regions is primarily influenced by arcing, while wear in low 
current regions is dominated by contact force (Usuda et al., 2011). 
Collina et al. proposed a method combining pantograph-catenary 
dynamic interaction simulation with wear models to predict railway 
contact wire wear. This model considers both electrical and 
mechanical factors, effectively tracking the evolution of contact 
wire pro-file with increasing pantograph passes (Collina et al., 
2002). Liu et al. systematically reviewed research progress in 
high-speed railway catenary systems across four aspects: 
equilibrium state solving, dynamic modeling, noncontact 
detection, and evaluation methods. They proposed that 
multiobjective constraint structural methods and nonlinear finite 
element techniques could enhance catenary safety and detection 
accuracy (Liu et al., 2018). Additionally, traditional experimental 
methods require extensive cyclic testing, which is not only time 
consuming and labor intensive but also difficult to accurately 
reproduce actual operating conditions, further exacerbating the 
challenges of wear prediction.

This study proposes a simulation-driven deep learning 
prediction framework, aiming to achieve high-precision prediction 
of wear evolution in metal structural components. The core 
innovation of this framework lies in the organic combination of 
high-precision finite element modeling with deep learning 
technology, where the finite element simulation provides accurate 
wear mechanism analysis and training data, while the data-driven 
model captures complex nonlinear evolution patterns and long-term 
prediction capabilities. For application perspective, we selected high- 
speed railway contact wire clips as a typical case study due to their 
representative wear behavior and severe consequences upon failure. 
Specifically, our methodology comprises four key steps (Figure 1): 
First, a simplified geometric model of high-speed railway catenary 
contact wire clips is established based on actual dimensions; second, a 
high-precision finite element model is developed to accurately 
simulate the contact mechanics behavior and wear distribution 

Frontiers in Mechanical Engineering frontiersin.org02

Zhang et al. 10.3389/fmech.2026.1759085

https://www.frontiersin.org/journals/mechanical-engineering
https://www.frontiersin.org
https://doi.org/10.3389/fmech.2026.1759085


characteristics of the contact wire clips under dynamic loading 
conditions; third, the wear evolution mechanism of components 
under dynamic service conditions is systematically elucidated; finally, 
based on finite element simulation results, a deep learning model is 
trained that can predict wear depth distribution at any future time 
using applied loads and wear evolution data. By comparing 
experimental measurements with numerical simulation results, the 
accuracy of the finite element model in calculating wear distribution 
was verified. The trained deep learning model demonstrates excellent 
performance in predicting future wear depth at different positions, 
with R2 values exceeding 0.95, significantly outperforming traditional 
methods. Compared to purely data-driven approaches that typically 
require thousands of operational samples for stable convergence, our 
simulation-driven framework achieves high prediction accuracy 
(R2 > 0.95) with only 200 finite element simulations, reducing 
data demand by over 80%. Relative to traditional physical models 
that necessitate full-cycle finite element analysis for each prediction 

(computationally prohibitive for long-term forecasting), the trained 
deep learning model delivers millisecond-level inference while 
maintaining comparable physical fidelity. This balanced 
integration yields a 4%–6% accuracy improvement over classical 
machine learning baselines (e.g., Random Forest) with significantly 
lower computational overhead.

2 Models and methods

2.1 Finite element model

As shown in Figure 1a, the contact wire clips consist of three core 
components: main and auxiliary clamp plates, positioning dowel, and 
U-dowel. As the primary load-bearing component, the main clamp 
plate is hinged to the positioning dowel via a dual-lug structure and 
subjected to horizontal tensile forces from the contact wire ranging 

FIGURE 1 
Schematic diagram of structural wear prediction method. (a) geometric structure of contact wire clips, (b) finite element models, (c) simulation 
results, (d) prediction of wear evolution based on deep learning.
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from 80 to 3000 N. The auxiliary clamp plate cooperates with the 
main clamp plate to form an enclosed clamping cavity that secures 
the contact wire. The positioning dowel, as part of the positioning 
assembly, is inserted into the sleeve of the main clamp plate to 
constrain vertical movement. The U-dowel features a U-shaped 
cylindrical design and passes through the alignment holes of both 
the main and auxiliary clamp plates to restrict lateral displacement of 
the plates. To accurately simulate the mechanical behavior, a three- 
dimensional geometric model was constructed based on actual 
engineering dimensions and assembly relationships. In terms of 
material selection, CuNi2Si material was used for the main and 
auxiliary clamp plates as well as the U-dowel (green components in 
Figure 1a), while AlSi7Mg0.6 material was selected for the 
positioning dowel (gray-white components in Figure 1a). The 
material parameters are presented in Table 1.

The original geometric model was simplified, and a hybrid 
meshing method was adopted, where tetrahedral unstructured 
elements were used for geometrically irregular components, while 
hexahedral structured elements were combined for regular regions. To 
ensure accuracy in high stress gradient areas, refined meshing with 
element size of 1 mm was applied around the contact area of the 
U-dowel. The body regions of the main and auxiliary clamp plates were 
meshed with 3 mm transition elements to balance computational 
efficiency and solution accuracy, as shown in Figure 1b. Multi-point 
constraint (MPC) was utilized to equivalently model bolted 
connections. Key parameters of the Archard wear 
model—including friction coefficient μ = 0.55, wear coefficient K = 
8.8 × 10−12 m3/(Nm), and material hardness H = 200 HV—were 
calibrated based on friction and wear tests for the copper-steel tribopair 
following the ASTM G99 standard. A graded loading strategy was 
employed: Step 1, initial equilibrium stage, where full constraint 
boundary conditions (U1 = U2 = U3 = 0) were applied to fix the 
positioning dowel, and horizontal tensile forces were applied along the 
contact wire axis on the inner side of the main clamp plate; the tensile 
forces were selected as 80 N and 3000 N, while the gravity field module 
was used to automatically calculate the influence of device self-weight; 
Step 2, dynamic response stage, where the vertical degree of freedom of 
the positioning dowel was released, and two types of vertical dynamic 
loads were applied at the bottom of the clamp plates.

2.2 Finite element calculation method 
for wear

This study adopts the classical Archard wear model as the 
theoretical foundation. Its basic form is expressed as Equation 1: 

V � K ·
F · l

H
(1)

where V represents the volumetric wear of the material (unit: m3), F
is the normal load (N), l is the relative sliding distance (m), H

represents the Brinell hardness of the softer material (Pa), and K is 
the dimensionless wear coefficient. This model reveals the linear 
relationship between wear volume and contact load as well as sliding 
distance. By simplifying the contact area projection to unit area A, 
the wear depth per unit area (also referred to as “wear distance”) can 
be expressed as Equation 2: 

wl �
K · p · l

H
(2)

In practical engineering applications, the Archard model is 
typically extended to adapt to complex operating conditions. 
Considering the significant influence of friction behavior on wear 
in high-speed railway contact systems, this study adopts an extended 
model that incorporates friction coefficient. By differentiating with 
respect to time, the wear rate for numerical simulation is expressed 
as Equation 3: 

ẇl �
K · μ · p · ‖ γ̇ ‖

H
(3)

In the equation, ẇl represents the wear depth rate per unit time 
(m/s), μ is the friction coefficient; p denotes the contact pressure 
(Pa), and ‖ γ̇ ‖ is the relative sliding speed on the contact surface 
(m/s).

In simulation process, a step or sequence of steps can be 
repeated until termination criteria are met. Figure 2 illustrates the 
repetition of step sequences, where each sequence represents a 
batch of physical wear cycles until stopping conditions are 
satisfied. Each slender rectangle in the figure corresponds to a 
physical wear cycle, enumerated along the horizontal axis. The 
vertical axis represents the simulation time for each wear cycle, 
and the rectangles maintain the same height due to the repetitive 
loading history. Solid rectangular bars represent directly 
simulated wear cycles and indicate the approximate effect of a 
group of physical cycles, scaled according to the wear coefficient 
of the represented number of physical cycles. A group of dashed 
rectangles adjacent to the solid lines represents physical wear 
cycles that are not directly simulated. Depending on the batch 
size, accurate wear prediction associated with a large number of 
physical cycles can be achieved by simulating only a few 
representative cycles.

The entire process is divided into several cycles, where the 
wear in each cycle is estimated using a single representative 
physical wear event. The calculated nodal displacements and 
other data from one cycle serve as the initial conditions for 
subsequent cycles, enabling dynamic adjustment of the wear 
coefficient for the next cycle, and so forth. In this study, Step 
2 is defined as the wear cycle step, with the total number of cycles 
set to 10 and the batch size set to 500, thereby enabling the 
simulation of wear evolution over 5,000 physical cycles under 
different tensile loads.

TABLE 1 Material properties of components.

Material Density ρ(kg/m3) Poisson’s ratio ν Elastic modulus E, GPa

CuNi2Si 8,900 0.34 120

AlSi7Mg0.6 2,600 0.33 70
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2.3 Deep learning-based wear 
prediction method

Let the input feature vector be x∈Rd (where d represents the 
feature dimension), and the target wear depth be a scalar y∈R. 
To eliminate dimensional differences and accelerate model 
convergence, standardization processing is applied 
separately to the input features and target variables 
(Equation 4): 

xnorm �
x− μx

σx
, ynorm �

y− μy
σy

(4)

where μx, σx and μy, σy represent the mean vectors and standard 
deviations of the features and target variables in the training set, 
respectively. During the prediction stage, the original scale is 
recovered through inverse transformation (Equation 5): 

ŷ � ŷnorm · σy + μy (5)

ŷnorm represents the standardized prediction value output by 
the model.

A fully connected feedforward neural network was constructed 
for the prediction model, with the ReLU function selected as the 
activation function. The output layer employed linear activation to 
directly regress the wear depth values. The loss function was defined 

as the mean squared error (MSE) between the predicted values and 
the true values (Equation 6): 

L �
1
N
􏽘

N

i�1
ŷ i( )

norm −y i( )
norm􏼐 􏼑

2
(6)

where N represents the number of training samples. Network 
parameters are optimized through Adam to minimize L. An early 
stopping mechanism is introduced during the training process to 
prevent overfitting: when the validation set loss fails to decrease for 
several consecutive epochs, training is terminated and the model 
with the best validation performance is saved.

3 Results and discussion

3.1 Correlation between structural dynamic 
response and wear

There exists a close intrinsic correlation between structural 
dynamic response and wear behavior. Through finite element 
simulation analysis, the stress distribution generated in various 
components under dynamic excitation when the pantograph 
passes can be clearly observed, which directly determines the 
wear distribution pattern at the contact interface. Critical areas 

FIGURE 2 
Physical simulation of wear and simulated wear cycles of specimens.
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such as the hinge region between the main and auxiliary clamp 
plates, and the contact interface between the U-dowel and clamp 
plate hole wall, often form significant stress concentration zones 
due to geometric discontinuities and the concentrated effect of 
load transfer paths. As shown in Figures 3a,c, at the initial stage 
under low tensile force levels, when the structure is subjected to 
vertical lifting force instantaneously, the stress value of the 
U-dowel (which serves as the connecting component between 
the main clamp plate, auxiliary clamp plate, and positioning 
dowel) suddenly increases and becomes significantly higher than 
other areas. With increased tensile force, the regions with 
initially high stress shift from the U-dowel to the main clamp 
plate, auxiliary clamp plate, and positioning dowel. These 
regions not only exhibit higher contact pressure and local 
strain, but also accompany more intense microscopic material 

removal processes. The spatial distribution characteristics of 
dynamic response show high spatial correlation with the 
ultimate wear morphology. During dynamic service, the wear 
evolution of the structure is not uniformly distributed, but is 
closely related to the stress distribution and relative sliding 
characteristics under load. When external dynamic loads act 
on the bottom of the clamp plates, through the clamping action 
of the main and auxiliary clamp plates, the load is transmitted to 
the contact interface between the U-dowel and clamp plate hole 
wall, forming a complex contact pressure field. The spatial 
distribution characteristics of this pressure field directly 
determine the initial position and propagation path of wear. 
Furthermore, the geometric constraints of the structure also 
significantly influence wear behavior. For example, at the mating 
interface between the positioning dowel and the main clamp 

FIGURE 3 
Stress contour plots of the structure under two different loading conditions. (a) stress cloud map under horizontal tension of 80N periodic load 
condition, (b) stress cloud map under horizontal tension 3000N periodic load condition, (c) stress cloud map under actual load condition with horizontal 
tension of 80N, (d) stress cloud map under actual load condition with horizontal tension of 3000N.
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plate sleeve, microamplitude relative sliding occurs under 
dynamic loads due to assembly clearance. Through the 
cumulative effect revealed by the Archard wear model, 
characteristic wear grooves are formed.

Through in-depth analysis of the spatial coupling 
relationship between dynamic response and wear, “wear- 
sensitive zones” within the structure can be identified, 
providing scientific basis for optimizing structural design and 
developing targeted maintenance strategies. Finite element 
simulation results reveal that the mating area between the 
positioning dowel and sleeve, along with the contact interface 
between the U-dowel and clamp plate hole wall, these represent 
the two most critical areas with severe wear, as shown in 
Figure 4c. The common characteristics of these regions are 
high contact pressure and significant relative sliding, with 
their dynamic response features showing a clear 
correspondence to wear depth distribution.

3.2 Effect of external loads and impact 
velocity on wear evolution

External load serves as a key factor influencing the wear behavior 
of contact wire clips, with its mechanism exhibiting significant 
nonlinear characteristics. The relationship between wear depth 
and horizontal tensile load is not simply linear, but rather 
features an optimal load interval. At lower load levels, insufficient 
clamping force results in substantial relative sliding at the contact 
interface, leading to accelerated wear. As the load increases (As 
shown in Figure 4), the clamping effect strengthens, reducing the 
amplitude of relative sliding and consequently decreasing wear 
severity. However, when the load exceeds a certain critical value, 
excessive contact pressure reaccelerates the material removal 
process. This non-monotonic variation pattern reveals the 
complexity of the load-wear relationship, indicating that 
structural design requires identification of the optimal operating 
load range. Wear evolution processes under different load levels 
exhibit similar dynamic characteristics, where wear rate shows an 
initial increase followed by a decrease as the number of cycles 
progresses. This phenomenon can be at-tributed to the adaptive 
evolution of contact interface morphology during wear: initial wear 
expands the contact area, leading to more uniform stress 
distribution and gradually reduced wear rate. Simultaneously, the 
accumulation of wear debris at the contact interface forms a 
protective layer that further slows down subsequent wear processes.

The influence of impact velocity on wear evolution is primarily 
reflected in the alteration of wear dynamics characteristics. Under 
identical horizontal tensile force conditions, as impact velocity 
increases, not only does the ultimate wear depth significantly 
increase, but the wear evolution pattern also undergoes noticeable 
transformation. In low-velocity impact conditions, the wear 
process remains relatively gentle, with wear depth increasing 
slowly with the number of cycles, reflecting a stable wear 
mechanism of materials under low strain rates. At medium 
impact velocities, the wear curve exhibits nonlinear 
characteristics with an initial rapid increase followed by 
deceleration, indicating dynamic adjustment of the interfacial 
contact state during the wear process. Under high-velocity 
impact conditions, the wear rate substantially increases while 

remaining relatively constant, presenting an almost linear 
evolution trend. This velocity dependency can be explained 
from a contact dynamics perspective: increased impact velocity 
leads to higher numbers of load cycles per unit time, while 
simultaneously increasing the instantaneous contact force 
during each impact. These two factors jointly accelerate the 
accumulation of fatigue damage in the material. Additionally, 
at high impact velocities, the contact interface lacks sufficient time 
to form a stable wear debris layer that could provide protective 
effects, which constitutes another crucial reason for the sustained 
high wear rate. By comparing finite element simulation results 
with actual experimental data, high consistency can be observed in 
both wear location and distribution morphology, validating the 
reliability of the numerical model.

3.3 Wear prediction

A specific prediction model was constructed for the wear 
evolution process at critical locations. To accurately characterize 
the wear behavior of the U-dowel region, 200 independent finite 
element simulations were conducted under distinct initial 
conditions or loading scenarios. The sample size was determined 
through preliminary convergence analysis, which confirmed that 
200 simulations with uniformly distributed impact velocities 
adequately cover the parameter space of practical service 
conditions and yield stable prediction performance. Two 
representative monitoring points were selected from the 
component, with each point capturing a complete wear evolution 
trajectory—from the initial state to the fifth wear cycle—derived 
from each of the 200 independent simulations. Each sample consists 
of six parameters: impact velocity V1 and the corresponding wear 
depth values for five consecutive wear cycles (C1-C5). The impact 
velocity V1 is uniformly distributed within the range of 
0.1000–2.0000 m/s, sufficiently covering the dynamic load 
conditions that contact wire clips may encounter during actual 
service. The network input is designed as a five-dimensional 
feature vector [V1, C1, C2, C3, C4], with the output being the 
predicted wear depth C5 for the fifth cycle. Regarding the network 
architecture design, as shown in Figure 5a, a three-layer fully 
connected neural network structure is adopted, with an input 
layer dimension of 5, sequentially passing through hidden layers 
of 64 and 32 dimensions, and finally outputting a single-dimensional 
prediction value. The ReLU nonlinear transformation is selected as 
the activation function for hidden layers to ensure the model has 
sufficient expressive capability to capture the complex nonlinear 
characteristics of wear evolution. During the training process, mean 
squared error is used as the loss function, with the Adam optimizer 
performing parameter updates, an initial learning rate set to 0.001, 
and an early stopping mechanism implemented to prevent 
overfitting, terminating training when validation loss shows no 
improvement for 10 consecutive epochs. The dataset is divided 
into a training set (180 samples) and a testing set (20 samples). 
Before training, all features undergo standardization processing, 
adjusting the mean to 0 and standard deviation to 1, to accelerate 
convergence and improve model stability. Furthermore, the testing 
set achieves a prediction accuracy of over 95%, indicating that the 
current sample size provides sufficient representation of wear 
evolution patterns under practical operating conditions.
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To further validate the superiority of the proposed fully 
connected neural network, a comparison with the classical 
machine learning method Random Forest (RF) was conducted 
under identical training/testing splits and input features. As 
summarized in Table 2, while RF achieves respectable 
performance (R2 > 0.85), the deep learning model consistently 
outperforms it by 4%–6% in R2 and reduces prediction error by 
approximately 50%. This advantage stems from the network’s 
stronger capacity to capture the nonlinear temporal dependencies 
in wear evolution trajectories, which tree-based methods struggle to 
model effectively with limited samples. The prediction results 
demonstrate that the deep learning model exhibits excellent 
predictive performance at both monitoring positions. As shown 
in Figure 5b, the scatter plot between actual wear depths and 
predicted values is tightly distributed near the diagonal line, with 
correlation coefficients R2 reaching 0.951 and 0.975 respectively, 
indicating the model’s highly accurate capability in capturing wear 

evolution trends. Compared to traditional physical models, this 
data-driven approach demonstrates significant advantages in 
computational efficiency. This efficiency improvement makes 
real-time wear monitoring and life prediction possible.

To validate that the deep learning model provides meaningful 
improvement beyond trivial predictions, we compared its 
performance against two simple baselines using the same 
20 testing samples: (1) Persistence: directly using the previous 
wear depth as prediction; (2) Linear extrapolation: fitting a linear 
trend to C1-C4 and extrapolating to C5. Results are summarized 
in Table 2.

Relative MSE is normalized by the MSE of the persistence 
baseline. The proposed model reduces prediction error by 85% 
compared to the simplest baseline and by approximately 50% 
relative to Random Forest, confirming its non-trivial contribution 
and superior capability in capturing complex nonlinear wear 
evolution patterns.

FIGURE 4 
Factors influencing structural wear evolution. (a) wear process and wear depth curve under different tensile periodic load conditions, (b) wear 
process and wear depth curve under different impact velocities, (c) finite element and experimental comparison.
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4 Conclusion

This study proposes a simulation-driven deep learning 
prediction framework for accurately predicting wear evolution 
behavior of metal structural components under dynamic service 
conditions. The research reveals a strong intrinsic coupling 

relationship between structural dynamic response and wear 
distribution, where wear does not occur uniformly but is 
highly concentrated in stress concentration regions and contact 
interfaces with significant relative sliding. This provides 
theoretical basis for identifying critical wear-sensitive zones. 
Horizontal tensile load and impact velocity exhibit complex 
nonlinear influence patterns on wear evolution. The 
relationship between wear depth and horizontal tensile force 
shows non-monotonic characteristics with an optimal load 
operating range. Increasing the impact velocity not only raises 
the ultimate wear depth but also transforms the wear evolution 
pattern from a nonlinear decay to an approximately linear growth. 
This change stems from the dynamic evolution of the contact 
dynamics characteristics and interface states. Leveraging the wear 
mechanisms identified through numerical simulation, the 
constructed deep learning prediction model achieves excellent 
performance in capturing wear evolution patterns by integrating 

TABLE 2 Prediction performance comparison with trivial baselines (testing 
set, n = 20).

Method R2 (Point1) R2 (Point1) Relative MSE

Persistence 0.62 0.68 1 (ref)

Linear extrapolation 0.76 0.82 0.61

Random forest 0.89 0.91 0.32

Our model 0.951 0.975 0.15

FIGURE 5 
Schematic diagram of neural network for predicting ultimate wear based on wear evolution. (a) schematic diagram of neural network, (b) R2 plot of 
true value and predicted value.
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simulation-derived mechanisms with data features. This model 
significantly overcomes limitations of traditional methods such as 
low computational efficiency and difficulties in long-term 
prediction, achieving a technological transition from “periodic 
maintenance” to “predictive maintenance.” The framework 
possesses excellent universality and scalability, being applicable 
not only to high-speed railway contact wire clips but also 
extendable to wear prediction of key components in aerospace, 
energy equipment, and other fields.
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