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Abstract: Increasing operating speed, axle load, and utilization intensify contact forces, creepages, and excitation
frequencies at the wheel–rail interface, making tread and flange degradation a persistent challenge in modern
railway operation. Railway wheels are safety-critical load-bearing components, and service performance is
governed by coupled evolution of wear, rolling contact fatigue (RCF), out-of-roundness, and thermally influenced
surface response under vehicle-track coupled dynamics. The review adopts a life cycle structure covering design
and manufacture, in-service degradation with prediction, and condition monitoring with maintenance interven-
tion. For design and manufacture, the discussion covers wheel steel design and heat treatment, profile design
and equivalent conicity control, process routes with residual stress management, and durability under regional
environments. For in-service operation, wheel–rail system matching, wear and profile evolution modeling,
and RCF assessment are compared in terms of governing assumptions, required inputs, and applicability
across operating regimes. For condition-based maintenance, the review links depot inspection, wayside, and
on-board monitoring and decision rules to intervention options including turning, reprofiling, laser cladding
repair, and surface strengthening. The review highlights a closed-loop view of wheel life management in which
prediction, monitoring, and intervention are aligned against route-specific loading spectra, safety margin, and
whole-life cost.

Keywords: condition monitoring; maintenance intervention; turning and reprofiling; wheel life cycle; wear
prediction; wheel service performance

I. INTRODUCTION AND SCOPE
The rapid expansion of railway networks, together with
sustained increases in operating speed, axle load, and traffic
density, has made the wheel–rail interface one of the most
critical locations governing the safety, efficiency, and
durability of modern railway systems. Under increasingly
demanding service conditions, tread wear, flange wear, out-
of-roundness, and rolling contact fatigue (RCF) remain
persistent challenges in both high-density passenger trans-
port and heavy-haul freight operations. Such degradation
arises from the combined action of wheel–rail contact
mechanics, vehicle-track coupled dynamics, traction and
braking loads, and environmental exposure and can affect
running stability, ride quality, braking performance, main-
tenance demand, and the service life of both vehicle and
track components.

Although substantial research has been devoted to
railway wheel performance, most published studies remain
focused on individual topics in isolation, including wear
mechanisms, RCF assessment, profile optimization, condi-
tion monitoring, or repair technologies. Such a fragmented
view is increasingly inadequate for modern railway appli-
cations, because wheel performance is inherently shaped by
interactions across the full-service process. Material com-
position, manufacturing route, and initial geometry deter-
mine the starting condition of the wheel; operating
conditions govern the evolution of contact state, damage

accumulation, and near-surface response; maintenance ac-
tions repeatedly modify profile geometry and material
condition over successive service cycles. A comprehensive
understanding of wheel performance therefore requires a
life cycle perspective capable of linking design, manufac-
ture, operation, degradation, monitoring, and intervention
within a unified technical framework [1–4].

From this standpoint, a life cycle-based review is
valuable not only for organizing existing knowledge but
also for clarifying the technical relationships among degra-
dation mechanisms, condition indicators, predictive mod-
els, and maintenance strategies. The stage-based framework
shown in Fig. 1 is therefore adopted to structure the present
review. Section II examines the key design and manufactur-
ing factors that define the initial wheel state. Section III
reviews in-service degradation mechanisms and life predic-
tion methods associated with wear and RCF. Section IV
discusses condition monitoring and maintenance interven-
tions that support condition-based maintenance (CBM).
Section V summarizes the principal findings and highlights
priority directions for future research. The purpose of this
review is not just to compile previous studies but to provide
a clearer technical logic for route-specific and system-
specific wheel life management in modern railway systems.

II. DESIGN AND MANUFACTURE OF
RAILWAY WHEELS

Railway wheels transmit vertical and lateral loads, provide
guidance, and transfer traction and braking torque. Design
and manufacturing choices therefore influence safety
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margin, degradation rate, and maintenance demand over
service life. Section II reviews four controllable levers
before wheels enter service: material and microstructure,
contact geometry through tread and flange design,
manufacturing route with heat treatment and residual stress
control, and durability under regional environ-
ments (Fig. 2).

A. WHEEL MATERIALS,
MICROSTRUCTURE, AND ALLOY DESIGN

The material design of railway wheels has long been
recognized as a key factor governing service performance
and damage evolution. Material capability affects not only
wear resistance, fatigue strength, fracture toughness, and
resistance to thermally induced surface damage but also the

near-surface response under repeated rolling contact, which
plays a decisive role in wheel life. At the same time, wheel
material behavior is strongly influenced by wheel–rail
pairing, because hardness ratio and work-hardening capac-
ity shape wear partition and damage mode at the contact
interface. For this reason, research on wheel materials has
extended from conventional pearlitic steels toward bainitic,
carbide-free bainitic, and dual hardness concepts, with the
aim of improving crack resistance and near-surface defor-
mation characteristics without unacceptable loss of tough-
ness. More recently, surface engineered systems and graded
architectures have also attracted attention as possible routes
for localized performance development in the contact layer.
This section therefore reviews the main material systems
and design strategies that have been explored for improving
the service capability of railway wheels.

Fig 1. Full life cycle of train wheels and optimization directions.

Fig 2. Research directions for wheel production and design.
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1). EFFECTS OF CHEMICAL COMPOSITION ON WEAR
AND FATIGUE RESISTANCE. Pearlitic steel, character-
ized by a microstructure composed of pearlite, has long
been widely used in railway wheels and rails. Owing to its
lamellar ferrite/cementite structure, pearlitic steel shows
excellent work-hardening capability and resistance to plas-
tic deformation under rolling–sliding contact conditions.
Studies have shown that by tailoring the carbon content and
microalloying elements, such as silicon (Si), manganese
(Mn), and chromium (Cr); it is possible to effectively refine
the interlamellar spacing and optimize hardness distribu-
tion, thereby improving the wear resistance and RCF
resistance of wheel steels. Extensive research has been
conducted in this regard. Liu et al. [5] investigated the
matching characteristics of four different wheel materials
against rail steel and found that, as the carbon content of the
wheel increased, the wheel hardness increased and the wear
loss decreased, whereas the wear of the mating rail gradu-
ally increased. Chen et al. [6] carried out rolling contact
simulation tests on four-wheel steels with carbon contents
ranging from 0.51% to 0.72%. Their results showed that,
with increasing carbon content, the hardness of the wheel
increased, and the wheel wear depth gradually decreased as
wheel hardness increased. Wang et al. [7] also reported that
increasing carbon content can improve wheel hardness and
wear resistance, but at the expense of aggravated rail wear.
However, as the carbon content in wheel steel increases, the
hardness and strength of the steel increase while its tough-
ness decreases, resulting in reduced fatigue resistance of the
wheel [8]. Although increasing carbon content can improve
wheel hardness and reduce wheel wear, high carbon levels
limit further hardness improvement and deteriorate tough-
ness, making it difficult to achieve a balanced combination
of strength and toughness and thereby weakening the
wheel’s resistance to fatigue damage.

In addition to adjusting the carbon content, the addition
of microalloying elements such as Si, Mn, and Cr can also
improve wheel strength. Sun et al. [9] compared the wear
behavior of wheels made from conventional CL60 steel and
newly developed CL60 steel with optimized Si, Mn, and Cr
contents and additional Mo and V. The new CL60 steel
wheels have been found and shown lower wear loss, total
wear rate, and plastic deformation layer thickness than the
original CL60 steel wheels. Pan et al. [10] proposed that
increasing the Si content can improve the strength of wheel
steel without impairing its plasticity and toughness. Zeng
et al. [11] designed and prepared an improved wheel steel
with high Si, high Mn, and low Cr contents, which revealed
higher strength without compromising toughness. Demisie
et al. [12] increased the contents of Si, Mn, and C in wheel
steel and found that the steel achieved higher strength and
hardness while retaining its original toughness. Carbon
plays a decisive role in determining the properties of wheel
steel. An increase in carbon content is beneficial for
improving wear resistance, and a good balance between
strength and toughness can be achieved when the carbon
content is maintained within the range of 0.69%–0.74%. In
addition to carbon, microalloying elements such as Si and
Mn also apply significant effects on wheel steel perfor-
mance; however, excessive additions can reduce wheel
toughness [13].

Overall, the optimization of wheel steel has progressed
from single carbon content regulation to a medium-carbon
and microalloying-based design strategy, as shown in
Fig. 3. Through precise control of trace element

composition and microstructural tailoring, wear resistance
can be improved while maintaining adequate toughness and
fatigue performance. Meanwhile, increasing wheel strength
g improves resistance to crack initiation but tends to reduce
resistance to crack propagation. Such optimization strate-
gies therefore continue to face an inherent trade-off between
strength improvement and crack growth resistance. In
particular, under conditions of high carbon or high alloy
content, the accompanying reduction in material toughness
limits the applicability of such steels in complex service
environments associated with high speed and heavy-haul
operations.

2). PEARLITIC AND BAINITIC WHEEL AND RAIL STEELS,
WEAR MECHANISMS, AND MATERIAL PAIRING. At
present, the improvement of pearlitic steel properties has
gradually approached its theoretical limit. Although
increasing carbon content can increase wear resistance, it
often comes at the expense of toughness and may aggravate
rail wear or even alter fatigue damage mechanisms. There-
fore, while compositional optimization of conventional
pearlitic steels still holds some potential, it is difficult to
achieve breakthrough improvements in performance. Given
that research on developing the mechanical properties of
pearlitic steels has reached its theoretical ceiling, bainitic
steels offering a combination of high strength, high tough-
ness, and excellent wear resistance have emerged as prom-
ising alternatives [14,15]. Therefore, increasing attention
has been directed toward bainitic steels, and extensive

Fig 3. Regulation strategy of “Medium Carbon+
Microalloying” for steel.
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studies have been conducted worldwide to compare the
wear behavior of steels with these two distinct microstruc-
tures. Singh et al. [16] investigated the mechanical proper-
ties of bainitic and pearlitic steels and found that bainitic rail
steel exhibits superior strength, hardness, and impact tough-
ness compared with pearlitic steel; however, its wear
resistance was inferior. Lee et al. [17] compared the sliding
wear behavior of bainitic and pearlitic steels and reported
that, although bainitic steel has a higher initial hardness,
pearlitic steel undergoes significant work hardening during
wear, resulting in better wear resistance. Similarly, Viáfara
et al. [18] confirmed through sliding wear tests that pearlitic
steel exhibits superior wear resistance, which may be
attributed to its stronger work-hardening capability. Zapata
et al. [19] adjusted bainitic and pearlitic steels of different
compositions to the same hardness level and conducted
rolling wear tests. Under low load conditions, no significant
difference in wear was observed; however, due to its
superior work-hardening capability, bainitic steel exhibited
better wear resistance in the later stages of testing. In recent
years, considerable attention has been paid to carbide-free
bainitic steels with high Si content for wheel–rail applica-
tions. Hasan et al. [20] studied the rolling/sliding wear
behavior of two newly designed low-carbon, continuously
cooled carbide-free bainitic steels and compared them with
pearlitic steel. The results showed that bainitic steels in-
dicates superior wear resistance, which increases with
initial hardness. Sharma et al. [21] compared the wear
performance of medium-carbon bainitic steel and pearlitic
steel, demonstrating that bainitic steel possesses superior
mechanical properties and improved wear resistance due to
its higher hardness and strength. Chen et al. [22] investi-
gated the evolution of near-surface microstructures and
properties during sliding wear under different cooling
conditions and found that bainitic steel exhibits better
wear resistance than pearlitic steel under identical condi-
tions. However, Liu et al. [23] reported that, despite the
higher initial hardness of carbide-free bainitic rail steel, its
wear loss exceeded that of pearlitic steel. The inferior wear
resistance of bainitic steel was attributed to its relatively
weaker work-hardening capability and the absence of a
white etching layer (WEL) on its worn surface, whereas
such a layer forms on pearlitic steel and contributes to
improved wear resistance. Rezende et al. [24] studied wheel
steels with different microstructures and found that bainitic
steels exhibit lower mass loss, higher hardness, and greater
capacity for accommodating plastic deformation. More-
over, the delamination wear process in bainitic steels
develops more slowly, and crack propagation tends to
remain closer to the surface. These findings indicate that
highly localized plastic deformation in the surface layer of
bainitic steel effectively suppresses crack initiation and
propagation into the material depth. Zhang and Gu [25]
developed a carbide-free bainitic steel wheel and demon-
strated through rolling wear tests that the bainitic wheel–
pearlitic rail combination exhibits superior wear

performance compared with the pearlitic wheel–pearlitic
rail pairing.

Overall, current studies indicate that wear behavior is
governed not only by initial hardness but also by work-
hardening capacity, plastic deformation, and the evolution
of near-surface microstructures. The main property differ-
ences between pearlitic and bainitic steels are summarized
in Table I. A simple one-to-one correlation between hard-
ness and wear resistance cannot be assumed for steels with
different microstructures, while wear performance is also
influenced by the counterpart material. At present, no
consistent conclusion can be drawn regarding the relative
wear resistance of pearlitic and bainitic steels. In addition,
comparative studies under representative service conditions
remain insufficient. Future work can therefore focus on the
systematic assessment of the overall service performance of
wheel steels with different microstructures through full-
scale field testing and wheel–rail system experiments.

3). EMERGING MATERIAL CONCEPTS AND SURFACE
ENGINEERED SYSTEMS. To meet the future demands
of railway transportation for lightweight structures, long
service life, and ultra-high reliability, exploring novel
solutions beyond traditional steel material systems has
become an emerging trend. Composite materials, particu-
larly metal matrix composites (MMCs), realized through
architectural design and surface modification technologies,
having significant potential for simultaneously improving
strength, toughness, and wear resistance through micro-
structural innovation. Although these materials have not yet
been widely applied to railway wheels, they provide valu-
able insights for the design of advanced surface engineering
solutions. At present, notable progress has been achieved in
the architectural design of MMCs (as shown in Fig. 4).

In terms of surface modification and coating reinforce-
ment technologies, Movassagh-Alanagh et al. [26] used
multilayer nanocomposite coatings on stainless steel using
cathodic arc evaporation, combined with plasma nitriding of
the substrate, thereby improving coating–substrate bonding
strength and improving wear resistance. Ding et al. [27]
developed a novelmultiscaleWC-10Co4Cr coating via high-
velocity oxygen fuel (HVOF) spraying, consisting of nano-,
submicron-, and micron-sized WC particles embedded in a
CoCr matrix. The coating exhibited low porosity (≤0.32%)
and high fracture toughness. Ding et al. [28] fabricated h-BN/
CaF2/Fe composite coatings using laser cladding and evalu-
ated their wear and RCF resistance through hardness and
residual stress measurements. The results indicated that
optimized compositional ratios increasing both wear and
fatigue resistance. Wang et al. [29] produced a ∼10 μm-
thick nanocrystalline surface layer on low-carbon steel via
surface mechanical grinding, resulting in a gradual hardness
increase from the substrate to the surface. Under low loads,
the friction coefficient was reduced, improving wear resis-
tance. Wang [30] further demonstrated that laser quenching
forms a hardened martensitic layer of controlled depth,

Table I. Comparison of properties between pearlitic steel and bainitic steel

Steel type
Strength and
hardness

Fatigue
resistance

Crack
growth rate

Ductility/
toughness

Wear
resistance

Industrial
application status

Pearlitic steel Relatively high Relatively high Relatively fast Relatively high Excellent Very mature

Bainitic steel High High Relatively
slow

High Moderate Under promotion
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leading to a substantial reduction in wear of wheel–rail
samples. Surface modification and coating technologies im-
prove material performance by altering the substrate surface
or depositing hard, wear-resistant phases, thereby improving
surface hardness and wear resistance. Regarding gradient-
structured materials, Zhao et al. [31] fabricated an Fe-based
NbC gradient layer using hot-press sintering and in situ
reaction techniques. The resulting structure presented micro-
scale/nanoscale gradient characteristics: a surface layer rich
in micro-/nanosized NbC particles and a subsurface NbC-Fe
gradient region. Such a design integrates ceramic reinforce-
ment and gradient toughening mechanisms, alleviating the
common strength–toughness trade-off in ceramic–metal
composites. Bai et al. [32] fabricated a dense TiC-Fe gradient
coating on cast iron using a two-step in situ reaction method.
The coating showed a gradient decrease in hardness and
elastic modulus from the surface to the interface, accompa-
nied by a gradient increase in fracture toughness. Gradient
structures mitigate interfacial mismatch between hard phases
and the matrix, enabling improved hardness without sacrific-
ing overall toughness. For layered and composite structures,
Sadeghi et al. [33] produced a laminated composite consist-
ing of one magnesium alloy layer and two stainless steel
layers via reactive transient liquid phase bonding, achieving
both high specific strength and ductility. Kang et al. [34]
fabricated a laminated structure using rolling bonding and
high-pressure torsion, composed of TWIP steel sandwiched
between two IF steel layers (IF-TWIP-IF), demonstrating
high surface strength, hardness, and excellent ductility. Wu
et al. [35] developed TiBw/Ti composites with various
heterogeneous architectures, including quasi-continuous net-
work, dual-scale network, layered-network hybrid, and 3D
interconnected reinforcement structures, achieving a ∼5-fold
increase in plasticity compared with pure titanium. The
synergistic deformation mechanisms in layered composites
improve the strength–ductility balance.

In summary, existing studies show that rational struc-
tural design, combined with advanced fabrication pro-
cesses involving gradient, multilayer, and surface
engineered architectures in metallic materials, can im-
prove key mechanical properties, including strength, hard-
ness, toughness, and wear resistance. A comparative
evaluation of these advanced strengthening and
manufacturing technologies is provided in Table II.
Such strategies are effective in mitigating the intrinsic
conflict between strength and toughness, while also pro-
moting stronger interfacial bonding between coating and
substrate and improving overall service performance.
These findings provide an important theoretical basis
and technical framework for the development of high-
performance metal-based composites intended for severe
operating conditions. In view of such advantages, consid-
erable potential exists for the future application of such
materials in railway wheel manufacturing and the
improvement of long-term service durability.

B. WHEEL GEOMETRY, PROFILE DESIGN,
AND CONTACT CONTROL

Wheel wear resistance is determined not only by material
properties but also by geometric design and key structural
parameters. Wheel geometry sets the wheel–rail contact
conditions and therefore affects vehicle dynamics, includ-
ing stability and curving behavior. Wear then modifies
tread and flange geometry during service, leading to
progressive change in contact geometry, contact stress
distribution, and the resulting wear and fatigue response.
Given the scale of railway networks and the cost of rail
renewal, wheel profile design and reprofiling practice
often provide a more practical and economical route for
managing wheel–rail contact conditions than altering rail
profiles.

Fig. 4. Main research directions of advanced railway wheel materials: (a) and (b) surface modification and coating strengthening
technologies, (c) manufacturing technologies for functionally graded materials (FGMs), and (d) layered/composite structural material
technologies.
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1). TREAD PROFILE DESIGN AND OPTIMIZATION METH-
ODS. Compared with the lengthy development cycle and
relatively difficult experimental validation of wheel materi-
als, optimizing wheel structural parameters under constant
material conditions represents a more feasible approach for
improving wheel wear performance. Therefore, various
wheel profile optimization methods have been proposed,
and their main categories are summarized in Fig. 5.

(1) Wheel profile optimization based on wheel–rail geo-
metric contact characteristics
Shevtsov et al. [36] proposed a wheel profile design
framework based on wheel–rail geometric contact char-
acteristics. This approach employs numerical optimiza-
tion techniques and adopts a response surface method
based on multipoint approximation to minimize the
deviation between the target rolling radius difference
(RRD) function and the actual RRD function. Cui et al.
[37] proposed a forward optimization method for wheel
profiles based on the weighted normal gap at wheel–rail
contact points. Taking the wheel–rail combination of an
LMA wheel profile and a CHN60 rail as an example,
the optimized profile improved the distribution of
contact points and reduced wheel–rail forces. Santa-
maria et al. [38] optimized wheel profiles based on an
ideal equivalent conicity curve, achieving a more uni-
form distribution of contact points within the effective
contact region, thereby reducing contact stress and
improving wear performance. Yao et al. [39] used
the dispersion of equivalent conicity for wheel profiles
matched with CN60 and CN60N rails as the optimiza-
tion objective. By applying the fast non-dominated
sorting genetic algorithm (NSGA-II), the lateral posi-
tions of arc centers near the rolling circle were
improved. The optimized profiles reduced equivalent
conicity dispersion and improved adaptability to differ-
ent rail profiles and track conditions.

(2) Wheel profile optimization based on vehicle dynamic
performance
Cui et al. [40] proposed a multi-objective optimiza-
tion method aimed at reducing lateral wheelset forces
and retaining running stability, thereby defining geo-
metric design requirements for wheel profiles. Parti-
cle swarm optimization (PSO) was used to obtain a
tread profile that satisfies operational safety require-
ments. Fu [41] applied a multi-population genetic
algorithm (GA) to optimize wheel profiles for freight
trains under acceleration conditions, using compre-
hensive vehicle dynamic parameters as design objec-
tives. The study investigated the matching

performance between equivalent conicity and vehi-
cle/track parameters, identifying the optimal equiva-
lent conicity as a constraint. The optimized profiles
improved both dynamic performance and wear
behavior. Hou et al. [42] optimized wheel profiles
based on the original LMA profile using a Gaussian
function correction (GFC) method combined with a
Kriging surrogate model (KSM). This method mainly
modifies the flange root region to improve curving
performance and reduce wheel wear.

(3) Wheel profile optimization based on wear perfor-
mance
Choi et al. [43] optimized the wheel flange profile
using the NSGA-II algorithm with the objective of
reducing flange wear and surface fatigue. The opti-
mized profile demonstrated improved performance,
with reduced flange wear and fatigue damage.
Pacheco et al. [44] proposed a wheel profile optimi-
zation method considering both RCF and wear per-
formance. Using NSGA-II, three optimized profiles
were obtained with reduced wear indices and sub-
stantially improved fatigue indices. Lu et al. [45]
established a nonlinear numerical optimization model
for wheel profiles based on a backpropagation (BP)
neural network, with wheel arc parameters as input
variables and circumferential tread wear rate as the
objective function. A single-objective, multi-variable,
multi-constraint optimization approach was em-
ployed to minimize tread wear rate. Firlik et al.
[46] proposed a biologically inspired black-box opti-
mization algorithm (BBOA) for tread profile optimi-
zation. The optimized profiles showed improved wear
indices and derailment coefficients compared with
currently used profiles.

In summary, wheel profile optimization has become an
important means of improving wheel–rail interaction and
extending wheel service life. Optimization methods based
on geometric contact characteristics offer advantages in
computational efficiency and modeling simplicity but often
cannot reflect vehicle dynamic behavior under actual oper-
ating conditions. By contrast, methods based on vehicle
dynamic performance can provide a more comprehensive
assessment of wheel–rail forces, running stability, and
curving performance, although they impose higher de-
mands on computational cost and model accuracy. In recent
years, advances in artificial intelligence have promoted
growing interest in intelligent multi-objective optimization,
making it possible to achieve a better balance among wear,
RCF, and vehicle dynamic performance. Future research is

Table II. Comparative evaluation of advanced material strengthening and manufacturing technologies

Technology type Cost

Performance
improvement
mechanism Key issues Application areas

Overall
evaluation

Surface modification and
coating strengthening
technologies

Low Improves surface prop-
erties (wear, corrosion,
fatigue resistance)

Interface failure
(delamination, crack-
ing), limited thickness

Tools, bearings,
molds, aerospace
components

Most mature
and cost-
effective

Manufacturing technolo-
gies for functionally
graded materials (FGMs)

High Continuous gradient in
composition and
properties

Complex manufactur-
ing, high cost, limited
standardization

Aerospace, thermal
barrier coatings,
nuclear engineering

High potential
for advanced
applications

Layered/composite struc-
tural material technologies

Medium–

high
Combines different ma-
terials for synergistic
properties

Delamination, inter-
face reliability,
anisotropy

Aerospace structures,
armor materials,
lightweight design

Highly desig-
nable but inter-
face-sensitive
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therefore expected to move toward multidisciplinary cou-
pled modeling, intelligent multi-objective optimization, and
data-driven methods, with the aim of achieving coordinated
optimization of overall wheel–rail system performance.

2). EQUIVALENT CONICITY AND WHEEL–RAIL CON-
TACT GEOMETRY. As train operating speeds continue
to increase, wheel–rail interaction, as a fundamental issue
in vehicle-track system dynamics, has become significant
and has received sustained attention. Wheel–rail contact
geometry lies at the core of wheel–rail interaction research.
Among the relevant geometric parameters, equivalent
conicity plays a particularly important role in supporting
both the dynamic behavior of vehicles and the wear char-
acteristics of the wheel–rail interface. Its magnitude directly
influences the distribution of contact points and the associ-
ated contact stress level, making it a key parameter in wheel
profile optimization. Appropriate control of equivalent
conicity can reduce wear, prolong the service life of
wheel–rail systems, and improve vehicle running safety
and stability.

In terms of calculation and characterization methods
for equivalent conicity, Gan [47] employed simplified,
harmonic, and UIC519 methods to calculate the equivalent
conicity of widely used domestic wheel profiles. A dedi-
cated software tool for wheel–rail contact analysis was
developed, and it was shown that the harmonic method
and the UIC519 algorithm provide more accurate results.
Qian et al. [48], based on the wavelength formula of
wheelset hunting motion, used a method for calculating
equivalent conicity in turnout regions. They also proposed a
nominal equivalent conicity corresponding to the most
probable lateral displacement of the wheelset to evaluate
wheel–rail contact geometry in these regions. Damsong-
saeng et al. [49] utilized a dual extended Kalman filter to
estimate equivalent conicity in real time for condition
monitoring and stability control. Xu and Dong [50], based
on nonlinear wheel–rail contact theory, investigated the
influence of nonlinear equivalent conicity on the running
behavior of EMUs under conditions of identical nominal
equivalent conicity. Their results showed that even with the
same nominal value, significant differences in wheel–rail
interaction may exist. Accordingly, a new evaluation
approach was proposed in which statistical data were
used to derive the nonlinear coefficient and nonlinear
equivalent conicity over the range of 1 to 6 mm. Both field
tests and numerical simulations showed that nominal equiv-
alent conicity cannot accurately represent wear-related
contact conditions, whereas the proposed indices, which
combine nominal conicity with the slope of the conicity
curve, can more effectively characterize the nonlinear
features of wheel–rail contact. Regarding the relationship
between equivalent conicity and vehicle dynamics, Kulk-
arni et al. [51] investigated the influence of wheel–rail
contact conditions on vehicle dynamic performance using
NP-λ3mm (equivalent conicity at 3 mm lateral displace-
ment) scatter plots derived from a conicity function data-
base. The results indicated a negative correlation between
λ3mm and NP; higher λ3mm values correspond to more
negative NP values, which may reduce the nonlinear critical
speed of the vehicle. Gerlici et al. [52] studied the matching
behavior between different wheel profiles and rails and
confirmed, through simulations, a significant correlation
between equivalent conicity and critical speed. In terms of
optimization design based on equivalent conicity,

Chen et al. [53] used measured profiles of a 60D40 switch
rail as optimization samples and obtained an optimized rail
profile by inversely calculating from reduced equivalent
conicity curves. This method, based on the relationship
among equivalent conicity, RRD, and rail profile slope,
improves ride stability when passing through turnouts and
enables effective conicity optimization. Ersson et al. [54]
proposed a new gradient index profile (GIP), which decom-
poses equivalent conicity into wheel and rail components,
allowing independent constraints on wheel and rail profiles
and enabling more precise prediction and control of equiv-
alent conicity.

Overall, existing studies indicate that equivalent conic-
ity, as a concise, practical, and widely used parameter for
characterizing wheel–rail contact geometry, plays a pivotal
role in wheel–rail profile design, dynamic performance
assessment, and in-service condition monitoring. Its engi-
neering application requires careful consideration of oper-
ating conditions, track and turnout geometry, and the
nonlinear evolution of contact states during wear. On
this basis, profile optimization guided by equivalent conic-
ity, in combination with wheel–rail contact analysis and
vehicle system dynamic simulations, remains an important
approach for improving vehicle stability and wear
performance.

C. MANUFACTURING PROCESSES AND
HEAT TREATMENT

The increasingly severe demands imposed by heavy-haul
service, high-speed operation, and harsh environmental
conditions have made integrated control of forging, heat
treatment, and property distribution a key issue in railway
wheel design. Modern process design must satisfy not only
the requirements for bulk strength and toughness but also
the need for controlled rim hardness, stable near-surface
behavior, and a favorable residual stress state. Against this
background, wheel concepts based on dual hardness and
hardness gradients have emerged as promising strategies for
improving resistance to wear, RCF, and thermally induced
surface damage.

1). FORGING AND HEAT TREATMENT, MICROSTRUC-
TURE, AND RESIDUAL STRESS. As a typical large
load-bearing component, the service performance of rail-
way wheels is governed by their microstructure and
mechanical properties. Heat treatment serves as a core
technological approach for tailoring microstructural fea-
tures and property distributions. Through rational design of
heat treatment routes, it is possible to achieve a synergistic
improvement in wear resistance and RCF performance
while maintaining overall wheel strength. As a results,
optimization of heat treatment processes based on service
requirements has become a key research focus in this field.

Tao et al. [55] proposed an improved quenching
process integrating spray control with phase transformation
characteristics. By introducing a holding stage at 700 °C for
600 s prior to conventional spray quenching, bainite trans-
formation was promoted and its volume fraction increased.
The results showed that the process reduced the perfor-
mance gradient between the surface and core, improving the
overall strength–toughness balance by around 20%. Zhang
et al. [56] investigated the effect of annealing at 500 °C on
pearlitic wheel steel and found that annealing relieved local
residual stresses and reduced stress concentration, thereby
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improving fracture toughness and fatigue performance.
Gao et al. [57] optimized the quenching–tempering process
by regulating bainitic ferrite content and retained austenite
stability. By adopting a combined cooling path of
water mist spraying and air cooling, proeutectoid ferrite
precipitation was suppressed while bainite transformation
was promoted, resulting in a synergistic improvement
of strength and toughness. Liu et al. [58] conducted
quenching–tempering experiments on CL60 wheel steel
and revealed the influence of tempering temperature on
microstructural evolution and wheel–rail matching perfor-
mance. As the tempering temperature increased, the micro-
structure transformed from tempered troostite to tempered
sorbite, accompanied by a gradual decrease in hardness.
Meanwhile, the wheel–rail wear rate exhibited a trend of
first increasing and then decreasing, with the highest wear
corresponding to tempered sorbite. Zhang et al. [59] studied
the effect of plasma quenching parameters on contact
fatigue performance and found that martensite formation
and residual compressive stress induced by rapid heating
and cooling could increase fatigue life by approximately
30%. However, excessive local residual tensile stress may
also trigger crack initiation and spalling failure. Wang et al.
[60] proposed a composite process combining laminar
plasma quenching and tempering, which reduces lattice
distortion and optimizes microstructure, thereby suppres-
sing RCF damage while maintaining wear resistance.
Li et al. [61], based on high-throughput characterization
techniques, used a quantitative method for analyzing the
distribution of composition, microstructure, and hardness in
wheel materials. The study revealed the gradient distribu-
tion of microstructure and properties from the tread surface
to a depth of 50 mm and applied a statistical correlation
between ferrite area fraction and microhardness. In addi-
tion, the application of finite element methods and intelli-
gent algorithms enables rapid optimization of heat
treatment parameters and multi-scheme comparison while
reducing experimental costs, providing important support
for intelligent heat treatment. Chen and Lingamanaik [62]
analyzed the formation mechanism of residual stress during
spray quenching using finite element methods, highlighting
the significant influence of quenching time, spray position,
and cooling configuration on temperature evolution and
phase transformation behavior. Cuperus et al. [63] demon-
strated through nonlinear finite element simulations that
accurate prediction of residual stress requires

comprehensive consideration of creep behavior, latent
heat of phase transformation, transformation strain, and
complex heat transfer boundary conditions. Tian et al.
[64] developed a thermos-phase transformation coupled
model, revealing the influence of asymmetric cooling on
microstructural evolution and hardness distribution, and
identifying spray angle as a key parameter for controlling
temperature history and hardness uniformity. Furthermore,
combined experimental and simulation analyses showed the
nonuniformity of rim hardness distribution and clarified the
influence of local hardening (or gradient hardness) on stress
and wear behavior. Xiong et al. [65] evaluated five machine
learning algorithms for predicting steel properties and
found that random forest regression achieved the best
predictive performance. Further research utilized the map-
ping relationship between tempering temperature and mate-
rial properties using machine learning techniques.

Overall, existing studies indicate that optimization of
quenching paths, control of cooling rates, and the introduc-
tion of multistage heat treatment strategies make it possible
to achieve coordinated regulation of multiphase microstruc-
tures, including bainite, pearlite, and retained austenite,
thereby improving the strength, toughness, and wear resis-
tance of wheel materials. As shown in Fig. 6, research on
wheel heat treatment has gradually progressed from tradi-
tional empirical process design to a more systematic frame-
work centered on microstructural regulation, performance
optimization, and intelligent prediction. At the same time,
increasing attention has been directed toward the relation-
ship between microstructural evolution and macroscopic
properties, which has clarified the critical roles of hardness
gradients, residual stress distribution, and microstructural
features in wheel–rail service behavior. However, several
limitations remain. Most existing studies focus on individ-
ual process parameters or localized microstructural control,
while systematic optimization from a full life cycle per-
spective is still lacking. In addition, efficient coupling
between experimental investigation and numerical simula-
tion has yet to be achieved, particularly in the accurate
prediction of multiphysics phase transformation behavior
and residual stress evolution. Furthermore, the mechanisms
by which heat treatment affects wheel–rail matching and
service damage evolution remain insufficiently understood.

2). DUAL HARDNESS AND SURFACE HARDENING
TECHNOLOGIES. Local hardening or dual-hardness treat-
ment of railway wheels is commonly achieved through
plasma quenching. Plasma quenching is a surface strength-
ening technique belonging to the category of thermal
surface hardening. Its core principle involves rapid heating
of the metal surface using high-temperature plasma energy,
followed by rapid cooling through self-conduction of the
workpiece, thereby inducing phase transformation in the
surface layer (e.g., formation of high-hardness martensite).
The process improves surface hardness, wear resistance,
and fatigue strength while maintaining good toughness in
the substrate. Isakaev et al. [66] developed a computer-
controlled plasma surface strengthening technology capa-
ble of locally hardening the wheel tread and flange. The
process increased surface hardness from approximately 255
HB to 420–450 HB, while improving wear resistance by
2–3 times and fatigue resistance by about 1.5 times. Kanaev
et al. [67] systematically investigated the mechanisms and
experimental results of plasma quenching, demonstrating
that it forms a non-equilibrium surface layer on the wheel

Fig. 5. Wheel profile optimization methods.
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flange and rim, thereby improving surface hardness and
wear resistance. Yusupov et al. [68] conducted comparative
experiments between plasma-quenched and untreated
freight car wheels and successfully applied this technology
to locomotive and passenger wheels, improving flange wear
resistance and extending service life. In recent years, with
the successful application of kilowatt-level fiber lasers,
laser heat treatment has emerged as an advanced alternative.
Compared with plasma quenching, laser heat treatment
offers several advantages, including low strain and stress
levels, high scanning speed, capability for deep processing,
and low maintenance cost. As a results laser-based pro-
cesses are gradually replacing plasma quenching in practi-
cal applications. Bogdanov et al. [69] compared laser
quenching and plasma quenching techniques for improving
wheel tread strength and contact fatigue resistance and
determined the optimal process parameters for laser heat
treatment of wheel steel, achieving superior surface wear
resistance. Gubenko et al. [70] proposed a method to
improve tread wear resistance via localized laser treatment
and analyzed the effects of pulsed and continuous laser
modes on the microstructure and properties of wheel steel.
Their results confirmed that laser processing effectively
improves surface hardness and wear resistance. Cao et al.
[71] investigated the microstructure, wear performance, and
RCF behavior of wheel–rail materials after laser dispersed
quenching. The results showed that the treated regions
exhibited a uniform martensitic structure with increased
surface hardness, thereby improving wear resistance.
Fayzibaev et al. [72] proposed a method to calculate the
depth of the strengthened layer on wheel rolling surfaces.
By applying controlled impact forces using a dedicated
impact device, plastic deformation is induced in the flange
surface layer, thereby increasing surface hardness. Gu-
benko et al. [73] compared wheel steel subjected to induc-
tion thermal cycling with untreated material and found that

the formation of sorbite structures and associated compres-
sive stresses improved fatigue resistance.

In summary, local hardening and dual hardness wheel
structures are achieved through surface heat treatment
technologies, which rely on regulating near-surface micro-
structures to balance wear resistance and fatigue perfor-
mance. Plasma quenching can increase surface hardness
and improve wear resistance and has already been widely
adopted in engineering practice. However, the non-uniform
residual stress state introduced by such treatment may
increase the risk of fatigue damage. By contrast, laser
heat treatment, owing to its controllable energy input and
reduced thermal effect, shows greater potential for optimiz-
ing microstructure and residual stress distribution and is
emerging as a major development direction. At the same
time, methods such as impact strengthening and induction
thermal cycling reflect a broader trend toward multi-process
synergistic improvement. Despite such progress, significant
challenges remain in understanding the multiscale coupled
mechanisms governing dual hardness wheels and in pre-
dicting their long-term service performance, indicating a
continued need for more precise control and intelligent
optimization.

D. ENVIRONMENTAL DURABILITY AND
SERVICE CONDITIONS

As railway systems extend across broader geographic
regions and operate under increasingly demanding condi-
tions, environmental adaptability has emerged as an impor-
tant issue in railway wheel design. Wheels are required to
withstand not only RCF, wear, impact, and thermal loading
but also environmental exposure associated with low tem-
perature, humidity, salinity, and contamination. Such fac-
tors can alter material response and damage evolution,
particularly in relation to embrittlement and corrosion-

Fig. 6. Framework of coupling mechanism between wheel heat treatment process, microstructure evolution, property response, and
finite element intelligent optimization [62].
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related deterioration, thereby affecting the stability and
durability of wheel service performance. A clear under-
standing of environmental effects is therefore essential for
the development of wheel materials and designs suitable for
different operating regions and service conditions.

1). LOW TEMPERATURE SERVICE, EMBRITTLEMENT,
AND DAMAGE MECHANISMS. Existing studies indicate
that low-temperature environments affect wheel service
performance mainly through three aspects: adhesion behav-
ior, plastic deformation, and material toughness. Shi et al.
[74] reported that under dry conditions, low temperatures
suppress surface oxidation on the wheel, thereby increasing
the adhesion coefficient. However, under both ambient
and low-temperature conditions, the presence of water,
oil contaminants, or antifreeze reduces the adhesion coeffi-
cient to low levels, and low temperatures prolong the
adhesion recovery process under water-mediated condi-
tions. Zhou et al. [75] found through wheel–rail experi-
ments that decreasing temperature can reduce wheel wear
due to the formation of a wear debris layer. However, both
increases and decreases in ambient temperature can aggra-
vate rail wear. Furthermore, decreasing temperature inten-
sifies plastic deformation and work hardening on the
wheel–rail contact surface. At −40 °C, a WEL induced
by severe plastic deformation was observed on the wheel
surface. Although this layer increases surface hardness, it
reduces material toughness, making the material more
prone to brittle fracture and spalling.

Ostash et al. [76] demonstrated that medium- to high-
strength railway wheel steels containing fatigue crack-like
defects exhibit low-temperature embrittlement (down to
−60 °C) under high cyclic loading amplitudes, particularly
when the fatigue crack growth rate exceeds 10−7 m/cycle.
Li et al. [77] reported that, under both dry conditions and
with the use of friction modifiers, temperature variation
does not affect the degree of wheel fatigue damage. In all
temperature conditions, friction modifiers can reduce wheel
wear rates while maintaining relatively mild RCF damage;
however, under low-temperature conditions, rail wear may
be aggravated. These results indicate that the proper use of
friction modifiers plays a positive role in improving wheel
performance in low-temperature environments. Liang et al.
[78] introduced nanoscale tungsten carbide (WC) particles
under low tempering temperatures, achieving a synergistic
effect of reduced lattice distortion in bainitic ferrite, pre-
cipitation strengthening, and improved toughness, while
maintaining the content and stability of retained austenite.
The process improved the overall mechanical properties of
the steel by 17% and increased impact toughness by 41%,
thereby improving wheel service performance. In summary,
for cold region applications, the use of high toughness
wheel steels, together with appropriate friction modification
strategies, can improve wheel service performance.

2). HOT HUMID SERVICE, CORROSION, ADHESION,
AND WEAR. Railway wheels operate under long-term
exposure to open environments, where humid and hot
conditions affect their service performance by altering
interfacial chemical reactions and wear mechanisms at
the wheel–rail contact. Rong et al. [79] investigated the
influence of environmental humidity on adhesion charac-
teristics and damage behavior at the wheel–rail interface
under different weather conditions. The results showed that
humidity has a pronounced effect on adhesion behavior.
Under low-humidity conditions, fatigue wear dominates; as

humidity increases, abrasive wear becomes more severe,
since oxide debris acts as abrasive particles and accelerates
wear. Under high-humidity conditions, a friction-reducing
layer forms, which protects the rolling surface from exces-
sive wear. However, such environments are unfavorable for
safe railway operation, as high temperature and humidity
promote the formation of tribochemical products (a mixture
of iron oxides and water molecules), leading to a significant
reduction in the adhesion coefficient between wheel and
rail. He et al. [80] studied the effects of environmental
humidity on the adhesion characteristics and damage
behavior of CL60 wheel steel. Their results indicated
that under high-humidity conditions, the degree of surface
oxidation increases with temperature. The formation of iron
hydroxides increases friction and accelerates surface dam-
age. With increasing relative humidity, water content in
oxide debris reaches saturation, causing the debris to
become paste-like, which reduces the adhesion coefficient.
Moreover, under high humidity, the plastic deformation
layer on the wheel surface becomes thicker, and both the
depth and length of cracks exceed those observed under
medium and low humidity conditions. Li et al. [81] selected
widely used 316L and 420 stainless steel alloy powders as
cladding materials and designed three environmental con-
ditions based on temperature and humidity variations across
different regions in China (25 °C-60% RH, 50 °C-60% RH,
and 50 °C-90% RH). Through friction and wear tests, they
evaluated the performance of wheels repaired by laser
cladding under these conditions. The results demonstrated
that wheels repaired using 316L stainless steel powder
exhibited superior tribological performance.

Overall, current studies have identified the key me-
chanisms governing wheel material behavior in low-tem-
perature environments, particularly the coupled effects of
adhesion behavior, plastic deformation, microstructural
evolution, and brittle fracture. Despite such progress, a
systematic understanding of multivariable coupling and
long-term service behavior under extreme low-temperature
conditions remains insufficient. In hot and humid environ-
ments, degradation is dominated by tribochemical effects,
but existing research still focuses on isolated environmental
factors. As a result, the coupled influences of multiple fields
and the long-term evolution of corrosion and fatigue dam-
age remain inadequately understood.

III. IN-SERVICE DEGRADATION AND
LIFE PREDICTION

Wheel–rail contact governs the transfer of traction and
braking forces, wheelset guidance, and the dynamic stabil-
ity margin of railway vehicles, making it a core issue in
railway safety and durability. Wear and surface damage at
the wheel–rail interface are not only material degradation
problems but also manifestations of evolving contact
mechanics under repeated rolling, creepage, impact, and
changing profile geometry. Over many years, rig-based and
full-scale tests have been widely used to investigate whether
higher wheel and rail hardness can mitigate rapid wear and
delay surface-initiated damage and to determine how
wheel–rail hardness matching affects service life at the
system level. When wear becomes severe, or when spalling
and polygonal wear develop, deterioration in ride quality,
increased vibration and impact loading, and accelerated
damage to both wheels and rails may follow. Accurate
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prediction of wear and profile evolution is therefore a
prerequisite for effective reprofiling and renewal decisions
and is central to wheelset life extension, life cycle cost
reduction, and the maintenance of stable operating quality.

A. WHEEL–RAIL MATERIAL MATCHING,
HARDNESS RATIO, AND WEAR RESPONSE

To improve wheel–rail wear performance and to clarify the
effect of material pairing on wheel wear resistance, exten-
sive experimental investigations have been carried out
using wheel–rail test rigs, as shown in Fig. 7. These studies
indicate that the wheel–rail hardness ratio has a significant
influence on the wear behavior of both wheels and rails,
with localized fatigue-related wear generally emerging as
the dominant damage mode. Maintaining the hardness ratio
within an appropriate range is therefore essential for opti-
mizing wheel–rail wear performance and ensuring safe train
operation.

Conventional studies held that increasing the hardness
of one material reduces its own wear but aggravates the
wear of the mating material [82,83], indicating a typical
trade-off in wheel–rail wear. However, full-scale tests
conducted by Stock et al. [84] and Heyder et al. [85]
showed that increasing rail hardness did not increase wheel
wear; under some matching conditions, wheel wear even
decreased. Zhao et al. [86] studied similar findings, namely
that increasing rail hardness reduced rail wear, while wheel
wear changed only slightly. To explain these discrepancies,
researchers proposed that the wheel–rail hardness ratio
may be the key parameter governing wear behavior and
subsequently carried out systematic studies to reveal its
regulatory mechanism. Hu et al. [87] investigated multiple
cross-matched combinations of wheel and rail materials and
found that wheel wear rate decreases with increasing wheel
hardness. Under certain creepage and contact-pressure
conditions, rail wear was also correlated with wheel hard-
ness. Meanwhile, the overall wear rates of the wheel–rail
system increased with increasing wheel/rail hardness ratio,
indicating that hardness matching has a pronounced effect
on wear behavior. Wang et al. [88] showed that, with
increasing wheel hardness, wheel wear decreases whereas
rail wear increases, and the total wheel–rail wear first
decreases and then increases, reaching a minimum when
the wheel and rail hardness are approximately matched. At
the same time, the dominant damage mode shifts from

pitting and spalling at lower hardness to large-scale spalling
at higher hardness, while rail damage evolves from slight
spalling to deeper subsurface spalling. These results further
indicate that, as the wheel/rail hardness ratio increases,
wheel wear decreases and rail wear increases, and that
the total wear reaches an optimum when the hardnesses
are properly matched. It provides a quantitative basis for
understanding the influence of hardness ratio on wear
partitioning and service performance. Hu et al. [89] further
investigated the effects of varying wheel–rail hardness ratio
on wear and RCF behavior. Their results showed that when
the wheel/rail hardness ratio (Hw/Hr) increased from 0.927
to 1.218, the wheel wear rate decreased, with the most
pronounced reduction occurring at Hw/Hr= 1.218,
whereas the rail wear rate increased. Zhang et al. [90]
studied wheel–rail pairs with different hardness levels
and found that when the wheel/rail hardness ratio was
controlled at approximately 1.15:1, the total wear was
minimized and the surface damage was the least severe.
Increasing wheel hardness reduced wheel wear and sup-
pressed polygonal wear. Chang et al. [91] evaluated nine
hardness-matching combinations involving three types of
wheel and rail materials. It found that when the wheel/rail
hardness ratio was below 1.05, polygonal wear readily
developed on the wheel specimens, whereas when it ex-
ceeded 1.36, polygonal wear was almost completely sup-
pressed, although rail wear increased. The results indicate
that the wheel–rail hardness ratio plays a decisive role in
regulating wear partitioning. Ma et al. [92] evaluated the
wear behavior of six rail materials paired with wheel
specimens of different hardness and analyzed wear debris
morphology, microhardness, and contact fatigue perfor-
mance. The results showed that when the rail/wheel hard-
ness ratio (Hr/Hw) was below 0.96, rail wear increased;
when Hr/Hw exceeded 1, the rail wear rate remained at a
relatively low level, and when Hr/Hw exceeded 1.25, rail
wear decreased sharply. In contrast, wheel wear shown that
the opposite trend, increasing when Hr/Hw reached 1.28.

Overall, current studies indicate that maintaining the
wheel–rail hardness ratio within approximately 1.0 to 1.2 is
beneficial for reducing wear and mitigating damage,
thereby improving the overall service performance of the
wheel–rail system. Control of the wheel–rail hardness ratio
has thus become a key approach to improving wear resis-
tance and service reliability. However, although the basic
relationships among hardness ratio, wear partition, and
damage evolution have been built, the coupled influences
of contact stress, creepage, and material microstructure
under complex operating conditions remain to be clarified.
Addressing these issues will be essential for translating
current understanding into practical wheel–rail design and
maintenance strategies.

B. WHEEL WEAR PREDICTION AND
PROFILE EVOLUTION

Wheel wear prediction is generally formulated as a profile
evolution problem for the tread and flange under represen-
tative operating conditions. In a typical simulation frame-
work, a virtual operating environment is first designed by
specifying route geometry and irregularities, vehicle speed
history, traction and braking conditions, wheel–rail contact
states, and material properties. The vehicle-track system
response is then computed to obtain contact forces, cree-
pages, and contact patch kinematics, which areFig. 7. Wheel–rail interaction test rig.
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subsequently linked to a wear law to estimate local material
removal and update the wheel profile over a reprofiling
interval. Most mechanism-based approaches are therefore
built on the coupling of three essential modules, namely a
vehicle-track dynamic model, a wheel–rail contact model
for normal and tangential interaction, and a wear calculation
module with profile updating and smoothing procedures. In
parallel, data-driven approaches have been developed from
measured profile histories and wear-related indicators using
numerical analysis, regression methods, and machine learn-
ing techniques. Such approaches are increasingly used to
accelerate prediction, improve computational efficiency,
and compensate for model bias associated with fleet vari-
ability and operational uncertainty.

1). MECHANISM-BASED WEAR MODELING. Numerous
physical-driven models have been developed for wheel
wear prediction. Pearce and Sherratt [93] proposed a sim-
plified cyclic calculation model in which the wear distribu-
tion along the wheel profile is predicted by accumulating
wheel–rail contact positions, creep forces, and creepages.
Bevan et al. [94] developed a damage model based on route
operating spectra, in which parameters such as curve radius,
cant, and traction/braking conditions were incorporated into
dynamic simulations to achieve coupled prediction of tread
wear and RCF. Wang et al. [95] used an integrated model
coupling wheel wear with vehicle dynamics. By consider-
ing nonlinear factors in the traction transmission system, the
model was able to analyze the wear differences between
motor and trailer cars, and its accuracy was validated
against field measurements. Chang et al. [96] constructed
a three-dimensional dynamic finite element model in Aba-
qus and combined it with the Archard wear law to predict
wheel–rail rolling contact wear. Zeng et al. [97] coupled a
vehicle dynamics model with the Archard model to reveal
the evolution of wheel wear under acceleration conditions.
Braghin et al. [98] combined multibody dynamics with the
FASTSIM algorithm, achieving relatively high accuracy in
tread wear prediction. To assess the applicability of differ-
ent modeling approaches, many comparative studies have
also been carried out. Wang [99] analyzed several signal
processing methods and pointed out that Fourier transform
and moving average methods are more advantageous for
polygonal wear prediction. Niu et al. [100] compared
Hertzian and semi-Hertzian contact algorithms and found
that the semi-Hertzian model is closer to actual behavior in
long-term wear prediction. Further studies have shown that
different contact models can influence prediction results.
Tao et al. [101] reported that the Hertz+ FASTSIM com-
bination provides a good balance between computational
efficiency and accuracy. Yang et al. [102] showed that non-
Hertzian models offer higher accuracy but at greater
computational cost, whereas Hertzian models are more
suitable for long-term engineering applications of wear
prediction. Overall, physical wheel wear prediction models
have evolved from simplified empirical formulations to
refined multiphysics coupled models.

Current studies show that mechanism-based wear pre-
diction can reproduce tread and flange profile evolution
when route spectrum, operating states, contact algorithms,
and profile update rules are specified consistently, and
validation against twin-disk or field measurements is essen-
tial to demonstrate credibility. The key risk is that long-
distance prediction is sensitive to modeling choices that are
often treated as technical details, including contact

formulation (Hertz versus non-Hertz), tangential algorithm,
smoothing strategy, and the representation of traction,
braking, and variable friction; these choices can shift pre-
dicted wear migration and flange involvement. Mechanism-
based workflows can therefore be configured around the
intended application, using computationally efficient con-
tact models for fleet-level studies when justified, and
reserving higher-fidelity contact or FE formulations for
regimes where stress distribution, plasticity, and local
damage mechanisms govern wear evolution.

2). DATA-DRIVEN WEAR MODELING. To address the
limitations of conventional vehicle-dynamics-based mod-
els, particularly their high computational cost and limited
generalizability, researchers have turned to data-driven
approaches for wheel wear prediction. Early methods
mainly relied on statistical models to fit and extrapolate
historical data. Zhu et al. [103] employed polynomial
functions based on operational data to predict wheel
wear, while Costa et al. [104] combined inspection data
with a Markov decision process (MDP) to construct pre-
dictionmodels for wear rate and service life. Although these
methods are straightforward to implement, they are highly
dependent on data quality and quantity, provide limited
insight into complex underlying mechanisms, and often
show insufficient long-term predictive accuracy. On this
basis, machine-learning-based methods were gradually
introduced. Chi et al. [105] employed a Bayesian model
to predict polygonal wear, improving model flexibility,
although the approach remained constrained by data scale
and generalization capability. Iwnicki [106] developed a
neural-network-based model with exogenous inputs for
wheel–rail wear prediction. Deng et al. [107] combined a
nonlinear autoregressive neural network with exogenous
inputs (NARNN), the Levenberg-Marquardt (LM) algo-
rithm, and orthogonal matching pursuit (OMP), improving
both prediction accuracy and model compactness. In recent
years, deep learning and data augmentation techniques have
further advanced this field. Shangguan et al. [108] used
TimeGAN to generate wear data and combined it with a
gated recurrent unit (GRU) network for state prediction,
alleviating the problem of insufficient data. Liu et al. [109]
proposed a two-step prediction framework based on
DBSCAN and multi-model fusion, enabling coordinated
prediction of both fleet-level and single-wheel wear. In this
framework, the GA-BPNN and LSTMmodels achieved the
best performance in overall and individual prediction tasks,
respectively.

Existing work indicates that data-driven methods can
deliver rapid wear prediction and capture fleet variability
when trained on representative inspection and monitoring
datasets. Nevertheless, their generalizability may deterio-
rate when operating regimes, friction conditions, or main-
tenance practices differ from those represented in the
training data. In addition, sensitivity to data quality, mea-
surement consistency, and latent covariates can introduce
prediction drift and confident remaining life estimates.
Data-driven wear prediction is therefore most credible
when operating state descriptors are incorporated, predic-
tive uncertainty is quantified, and model calibration is
constrained by physics-based knowledge.

3). HYBRID FRAMEWORKS FOR WEAR AND RCF PRE-
DICTION. Both mechanism-based and data-driven ap-
proaches show clear limitations when used
independently. Mechanism-based models are often
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demanding and sensitive to the selection of contact algo-
rithms and wear coefficients, whereas purely data-driven
models may have limited transferability across routes and
operating regimes and often lack physical interpretability.
For this reason, hybrid frameworks have been proposed to
combine physics-based structure with data-driven calibra-
tion or correction, as shown in Fig. 8, with the aim of
improving prediction robustness and capturing the closed-
loop evolution of wheel wear over successive reprofiling
cycles.

Zeng et al. [125] introduced a physics-data dual-driven
framework that couples wear evolution with reprofiling by
integrating multi-location wear characteristics and reprofil-
ing behavior within a closed-loop model. Numerical pre-
diction was used to estimate wear state and assess remaining
useful life (RUL), and the framework was reported to
provide reliable prediction accuracy with practical applica-
tion in wheel wear prediction and health management.
Wang et al. [126] proposed a hybrid strategy in which a
physics-based model first estimates degradation rates under
representative operating conditions, and a data-driven
model then evaluates wheelset life cycle using reprofiling
removal at the flange, predicted or measured wear indica-
tors, and operational reprofiling requirements. Outputs were
used to determine maximum service life under safety
regulations and operator performance criteria, with reported
agreement against operational data from high-speed ser-
vices. Zhu et al. [127] proposed a combined physical model
and data-driven method that uses least squares regression to
quantify discrepancies between measured and simulated
wear at fixed mileage intervals and to calibrate the Jendel
wear model. By integrating vehicle dynamics, wheel–rail
contact modeling, and the calibrated wear model, metro
wheel wear was predicted over additional mileage;
improved accuracy and reduced dependence on empirically
chosen wear coefficients were reported. Hartwich et al.
[128] proposed a hybrid concept for wheel profile predic-
tion that combines a dynamics model based on wheel–rail
contact theory with postprocessing of measurement data.

Hybrid methods also motivate practical criteria for
coordinating wear and RCF risk within maintenance deci-
sions. When prediction outputs are used to schedule re-
profiling, the relevant decision variable is not wear depth
alone but also the combined evolution of profile geometry
(affecting equivalent conicity and dynamics response) and
damage accumulation (affecting RCF risk). Hybrid

frameworks that embed reprofiling cycles therefore provide
a natural route to define consistent intervention thresholds
and to update remaining-life estimates as measured profiles
and condition indicators become available.

The literature indicates that hybrid frameworks im-
prove wear prediction credibility by calibrating wear coef-
ficients and operating-state dependence against
measurement data while retaining physics-based structure
for extrapolation across mileage and reprofiling cycles. The
key risk is that calibration can compensate for unmodeled
mechanisms, such as friction variability, thermal history,
and damage-mode transitions between wear and RCF,
which can reduce robustness when conditions change.
Hybrid prediction can therefore be implemented within a
closed-loop maintenance framework in which operating
descriptors, monitoring indicators, and intervention rules
are aligned, and where model updating and uncertainty
treatment are explicit.

Physics-based models are well suited for elucidating
wheel–rail contact mechanisms and conducting parametric
sensitivity analyses; however, the engineering deployment
requires careful consideration of computational cost and
parameter availability. Data-driven models, by contrast, are
advantageous for online updating and rapid prediction,
although their transferability across different lines and
robustness under operating condition drift necessitate
appropriate calibration strategies. Hybrid approaches that
combine physics-based and data-driven paradigms are more
suitable for closed-loop maintenance scenarios, where
physical constraints can be leveraged to improve generali-
zation capability, while data assimilation can be employed
to mitigate long-term prediction bias.

Physics-based models are well suited for elucidating
wheel–rail contact mechanisms and conducting parametric
sensitivity analyses; however, their engineering deploy-
ment requires careful consideration of computational cost
and parameter availability. Data-driven models, by contrast,
are advantageous for online updating and rapid prediction,
although their transferability across different lines and
robustness under operating condition drift necessitate
appropriate calibration strategies. Hybrid approaches that
combine physics-based and data-driven paradigms are more
suitable for closed-loop maintenance scenarios, where
physical constraints can be leveraged to improve generali-
zation capability, while data assimilation can be employed
to mitigate long-term prediction bias.

Fig. 8. Hybrid framework based on physics and data-driven models.
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C. RCF ASSESSMENT UNDER WHEEL–RAIL
LOADING

With the transition of wheel–rail systems from wear-domi-
nated behavior to coupled multi-damage mechanisms, RUL
assessment has become considerably more complex. Inter-
national research has therefore placed increasing emphasis
onRCF crack propagation, the competing effects of wear and
spalling, and probabilistic RUL prediction. As a result, an
integrated assessment framework combining physics-based
models with statistical methods has gradually been devel-
oped. Johnson investigated RCF damage under both point
and line contact conditions and proposed corresponding
shakedown map criteria [115,116], which have become
one of the most widely used core methods for predicting
wheel RCF. Johnson [117] initially developed the shake-
down map based on full sliding conditions, which was later
extended to rolling–sliding conditions by Bower et al. [118].
This method qualitatively describes and evaluates the mate-
rial response of wheel–rail systems under three parameters:
maximum contact stress P0, material shear yield strength k,
and friction coefficient μ. Within the shakedown map frame-
work, the horizontal shortest distance from the operating
point to the ratcheting boundary is defined as the fatigue
index (FI) for wheel–rail surface crack prediction. This FI is
related to the initiation and propagation of surface fatigue
cracks and is closely associated with spalling and flaking
processes, which constitute severe and sudden wear mechan-
isms. A series of twin-disk experimental data indicate that,
regardless of variations in normal load, the wear rate shows
an exponential relationship with the fatigue index. Further-
more, when the FI approaches zero, it signifies the onset of
severe wear. Some researchers have proposed that the fatigue
index, derived from shakedown theory and used to predict
surface-initiated fatigue in railway wheels, can serve as a key
parameter for evaluating rolling contact wear rate [119].
However, other studies have shown that under high creepage
conditions, the predictive capability of the FI for fatigue
damage decreases [120]. Analysis based solely on the shake-
down map has inherent limitations, as it does not account for

the influence of material wear on RCF during rolling friction
processes. Therefore, in addition to shakedown theory, it is
necessary to combine other predictive approaches, such as
damage functions, to systematically investigate fatigue dam-
age behavior. Rolling contact simulation experiments have
introduced the concept of dissipated energy per unit contact
area, Tγ=A, which has been shown to correlate with wear rate
per unit length or contact area [121]. Based on this finding,
new damage function models have been developed for wheel
fatigue damage and wear, enabling the prediction of both
fatigue crack propagation and wear rate. Butini et al. [122]
developed a coupled model integrating wear and RCF,
allowing simultaneous prediction of wheel–rail profile evo-
lution and the accumulation of surface RCF damage. Dong
[123] conducted thermo-mechanical coupled simulations to
analyze the stress evolution of wheel treads during emer-
gency braking of heavy-haul trains and predicted fatigue
crack initiation life under different axle loads and brake shoe
pressures. Mazzù and Donzella [124] proposed a predictive
model based on steady-state strain fields derived from inte-
gral equations, considering shear stress and plastic strain
increments along the depth direction, which can predict crack
morphology under high-cycle loading conditions. Zhou et al.
[125] developed a three-dimensional finite element model of
wheel–rail contact incorporating vertical cracks, revealing
the competitive relationship between wear and fatigue crack
propagation under rolling–sliding conditions. Regarding
crack propagation and life prediction, Zhang et al. [126]
analyzed the effects of wheel–rail dynamic characteristics,
complex operating conditions, and surface defects on RCF
crack initiation and proposed a corresponding prediction
framework. Arana et al. [127] developed an RCF prediction
approach that integrates crack initiation, crack propagation,
and nonlinear multibody dynamics, enabling the prediction
of RCF behavior across different track sections.

The literature indicates that shakedown-based stability
diagrams and derived indices provide practical screening
tools for surface-initiated RCF risk, while dissipated-energy
damage functions and coupled wear-RCF models offer a
route for joint assessment of wear and fatigue evolution.

Table III. Comparison of representative modeling approaches for wheel–rail wear and RCF assessment

Domain Method type
Key inputs/data
requirements

Key
outputs/
indicators Main features and applicability boundaries

Wear Physics-based Contact parameters, creepage,
material properties, and oper-
ating conditions

Wear amount,
profile
evolution

High interpretability; sensitive to input parameters and
computationally expensive; suitable for mechanism
investigation and comparative assessment of schemes

Wear Data-driven Historical inspection data,
operational data, and extracted
features

Wear/life
trends, RUL

Easy to update online; subject to transferability lim-
itations and condition-drift risks; suitable for lines
with sufficient data

Wear Hybrid phys-
ics–data-driven

Physics-based prior con-
straints combined with data
updating

Wear/RUL
with
uncertainty

Balances predictive accuracy and interpretability;
complex framework construction; suitable for closed-
loop operation and maintenance

RCF Shakedown
map/fatigue
index

Contact stress and material
parameters

Risk zoning/
thresholds,
FI, etc.

Intuitive classification; limited capability in describ-
ing damage evolution and coupling effects; suitable
for preliminary screening and early warning

RCF Damage func-
tion/accumula-
tion model

Creepage, load spectrum, and
calibration parameters

Damage
accumulation/
risk

Convenient for coupling with wear models; dependent
on calibration quality; suitable for line-level
assessment

RCF Experimentally
calibrated
model

Experimental data, material
parameters, and process
parameters

Life/crack-
related
parameters

Effective for comparing materials and manufacturing
processes; limited extrapolation capability; suitable
for process validation
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Predictive robustness depends on representation of near-
surface state change, friction variability, and thermal history
and therefore requires validation against rig and field ob-
servations under representative operating spectra. The rep-
resentative modeling approaches for wheel–rail wear and
RCF assessment, together with their inputs, outputs, and
applicability boundaries, are compared in Table III.

IV. CONDITION MONITORING AND
MAINTENANCE INTERVENTIONS

As railway systems move toward higher speed, heavier axle
load, and greater asset utilization, wheel damage prediction,

maintenance planning, and performance restoration have
become central to both running safety and whole life cost
control. In parallel with network expansion, maintenance
practice is increasingly shifting from fixed time or mileage-
based scheduling to CBM. The effectiveness of such a
transition depends on the integration of three interrelated
functions: accurate condition monitoring and defect diag-
nosis, intervention planning that balances safety margin
against material removal, and restoration or strengthening
technologies that recover surface integrity and suppress
recurrent damage.

This section considers wheel maintenance as a closed-
loop process comprising condition monitoring and defect
detection, decision-making and intervention planning, and

Table IV. Comparison of three diagnostic and monitoring paradigms for wheel/wheelset damage

Comparison
dimension Static inspection technologies

Dynamic monitoring
technologies

Heterogeneous sensor data
fusion technologies

Typical sensing
means

Manual inspection, gauges, laser
profile measurement, dedicated
NDT devices, EMAT, etc.

Wayside vision, thermography,
acoustic arrays, on-board/wayside
vibration, laser ultrasonics, etc.

Multimodal combinations such as
vibration+ acoustics, vibration+
acoustic emission, vibration+ ther-
mography, vision+ laser, and
ultrasound+ vibration

Data acquisition
mode

Intermittent, offline, and pointwise
inspection

Continuous or periodic online
acquisition covering the operating
process

Synchronous or quasi-synchronous
multisource acquisition, or late
fusion of outputs from independent
models

Main strengths Stable inspection conditions, high
signal-to-noise ratio, high accuracy,
and good repeatability; suitable for
quantitative defect and geometry
assessment

No need for service interruption;
enables automation, frequent mon-
itoring, and early warning; well
aligned with condition-based
maintenance

Exploits complementarity among
modalities, improves robustness,
reduces false alarms, and improves
generalization under complex
conditions

Main limitations Dependent on depot windows; rel-
atively high labor and time cost;
cannot cover the full-service pro-
cess; early abnormalities may
develop between inspections

Single sensors are vulnerable to
environmental and operational dis-
turbances, with noticeable feature
drift and risks of missed or false
alarms

Higher system complexity, with
increased requirements for syn-
chronization, data quality, fusion
models, and computational
resources

Environmental
sensitivity

Relatively low because the inspec-
tion environment is usually
controllable

Relatively high; vision is affected by
glare, contamination, and illumina-
tion variation, acoustics by rain/
snow, aerodynamic noise, and
wheel–rail noise, and vibration by
track excitation and mounting paths

Reduces the risk of single-channel
failure through multimodal redun-
dancy and complementarity; the
most promising route for harsh
environments

Real-time
capability

Low High Medium to high, depending on the
fusion level and computational
architecture

Diagnostic
characteristic

“High visibility and high decision” “Early detection and wide coverage” “Stable decision-making, distur-
bance resistance, and integrated
assessment”

Implementation
challenges

Inspection efficiency, labor depen-
dence, disassembly requirements,
and depot throughput constraints

High-speed acquisition, field noise,
sensor deployment, and shortage of
labeled data

Multisource asynchrony, inconsis-
tent sampling rates, missing data,
cross-modal feature alignment, and
model interpretability

Suitable
scenarios

Depot precision inspection, verifi-
cation, wheelset withdrawal deci-
sions, and post-maintenance
acceptance

Wayside online screening, on-board
continuous monitoring, and abnor-
mality warning

Robust diagnosis in high-speed,
noisy, harsh weather, and high-
reliability applications

Relationship
with CBM

Provides high-confidence condition
references and maintenance thresh-
old support

Provides condition tracking and
early warning between depot
inspections

Provides more reliable health indi-
cators and severity assessment,
making it more suitable for CBM
triggering

Evaluation A high-accuracy benchmark
inspection approach, but unable to
provide full-process perception

The most important engineering
route for online monitoring, but
limited by the robustness of single
modalities

A key future direction for intelligent
wheel/wheelset PHM, especially for
reliable diagnosis under complex
environments
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reprofiling, repair, and surface reinforcement. Emphasis is
placed on the translation of monitoring indicators and
prediction outputs into intervention thresholds and on the
feedback of intervention outcomes into subsequent assess-
ment and trigger logic. The objective is to clarify techni-
cally defensible routes for wheelset CBM, covering depot-
based and in-service monitoring, cost-effective turning and
reprofiling strategies, and restoration technologies includ-
ing laser cladding and surface strengthening.

A. CONDITION MONITORING AND DEFECT
DETECTION

Timely and reliable detection of wheel tread defects is
fundamental to the control of vibration excitation, ride
quality deterioration, and in-service safety margin. In engi-
neering practice, wheel condition assessment relies on two
complementary pathways, namely depot-based inspection,
which offers higher measurement fidelity under controlled
conditions, and in-service monitoring, which supports ear-
lier defect detection and interim risk control through way-
side and on-board systems. More recently, data-driven
diagnosis has become an increasingly important decision
support tool, improving defect recognition, localization,
and severity classification through large-scale inspection
and monitoring datasets, while facilitating more consistent
condition indicators and maintenance trigger criteria across
fleets and operating environments [128].

1). DEPOT-BASED INSPECTION. Depot-based inspec-
tion is performed when vehicles are parked and, in some
cases, may require wheelset disassembly. Such procedures
can be labor-intensive and time-consuming and may con-
strain depot throughput and availability. Traditional manual
inspection often relies on operator judgment using hammer-
ing, auditory cues, and basic gauges. Although widely used
because of low equipment cost, manual inspection is limited
by measurement resolution and repeatability and is prone to
missed detection and false calls for certain defect types.

Development of optoelectronic measurement and sen-
sor technology has enabled more instrumented depot

inspection. Contact and non-contact systems using lasers
and dedicated sensors can scan wheel profiles and evaluate
tread geometry from measured data, reducing operator
dependence and improving repeatability. Early examples
include rapid tread wear and geometric deviation measure-
ment systems developed in the United States and wheelset
dimensional inspection devices developed in Japan for in-
service wheelsets. In China, substantial progress has been
reported for detection of tread surface and near-surface
damage using electromagnetic ultrasonic techniques based
on controlled excitation and reception mechanisms
[129,130]. Given the maturity and broad coverage of
depot-based inspection in the literature and standards,
detailed discussion is not expanded further in this review,
and emphasis is placed on in-service detection and intelli-
gent diagnosis in the following subsections.

2). WAYSIDE AND ON-BOARD MONITORING. Wayside
and on-board monitoring enables wheel condition assess-
ment without stopping the vehicle, supporting rapid inspec-
tion with a high level of automation. Such dynamic
approaches can provide earlier defect detection than
depot-only inspection and can reduce the risk of defect
growth between maintenance intervals (Fig. 9). Current
practice is dominated by three technical routes: vision-
based inspection, ultrasonic inspection (including electro-
magnetic acoustic transducer (EMAT) and laser-ultrasonic
variants), and vibration-based monitoring. Increasingly,
current sensing approaches are combined with data-driven
diagnosis to improve defect recognition, localization, and
severity assessment in operational environments.

(1) Vision- and thermography-based inspection techni-
ques
Visual image-based inspection of railway wheel
treads is a non-contact online/offline detection
approach that integrates machine vision, digital image
processing, and artificial intelligence, with current
developments being primarily driven by deep learn-
ing. At an early stage, Japan, the United States, and
Germany each developed automatic wheel inspection
systems based on image processing and sensing

Fig. 9. Wheel wayside and on-board monitoring [135]–[146].
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technologies, enabling tread parameter measurement
and wear assessment under different operating speeds
[131,132]. Zhao et al. [133] developed a system for
wheel tread defect recognition and detection and
investigated image region extraction techniques for
the inspection process. Wu Kaihua et al. [134] em-
ployed laser scanning to acquire wheel tread wear
images, from which the wear condition was deter-
mined through subsequent analysis and processing.
During the machine learning stage, Deilamsalehy
et al. [135,136] achieved high-accuracy wheel defect
detection under thermographic imaging conditions by
combining histogram of oriented gradients (HOG)
features with a support vector machine (SVM) clas-
sifier, with a recognition rate of 98%. In recent years,
deep learning methods have become a major research
focus. Shaikh et al. [137] constructed the FaultSeg
dataset to support the training of deep learning models
for wheel damage detection. Xing et al. [138] devel-
oped a model for railway wheel surface defect detec-
tion that enables the classification and identification
of four types of wheel tread defects. Trilla et al. [139]
proposed a deep learning-driven method for the
automatic detection and classification of wheel tread
defects, in which a convolutional neural network
(CNN) was used to integrate defect recognition,
size prediction, and localization. Emoto et al. [140]
further improved inspection performance by combin-
ing laser sensing and vision-based techniques with
artificial intelligence models.

(2) Acoustic detection techniques based on wheel–rail
interaction
Acoustic detection identifies damage by acquiring
wheel–rail contact noise or vibration signals. Ger-
many and the United States have developed online
inspection devices based on ultrasonic and acoustic
technologies. Komorski et al. [141,142] collected
wheel–rail noise signals using a wayside multi-micro-
phone array and identified wheel damage through
joint time–frequency analysis (JTFA). They further
combined Fourier transform and Hilbert transform for
vibro-acoustic diagnosis and proposed a monitoring
method for wheel tread flats, thereby enabling non-
contact dynamic inspection.

(3) Ultrasonic and laser-ultrasonic inspection techniques
Ultrasonic inspection techniques can be used to iden-
tify internal and near-surface wheel defects. Salzbur-
ger et al. [143] proposed the AUROPA III system
based on EMATs, which enables non-contact inspec-
tion at speeds of up to 15 km/h and can rapidly
complete screening of an entire train. Montinaro
et al. [144] proposed an unconventional non-contact
laser-ultrasonic approach for railway wheel inspec-
tion. This method uses a laser interferometer to
receive ultrasonic waves in a non-contact manner,
and the receiving system allows flexible selection of
the distance between the inspection surface and the
interferometer, thereby overcoming spatial accessi-
bility constraints. Cavuto et al. [145] further
advanced laser-ultrasonic inspection technology by
achieving fully non-contact inspection through laser
excitation and interferometric measurement. By addi-
tionally incorporating a finite element model to opti-
mize the inspection procedure, the method offers high

inspection efficiency, strong flexibility, and non-
destructive testing capability.

(4) Wheel damage detection methods based on vibra-
tion acceleration

Vibration acceleration-based detection methods identify
wheel damage by measuring impact signals generated during
wheel–rail contact. These methods are characterized by
simple instrumentation and strong adaptability and have
already been applied in countries such as Russia and Japan.
Wang et al. [146] developed a vehicle-track coupled dynamic
model with 73 degrees of freedom and, by combining time–
frequency analysis and wavelet transform, extracted features
from axle-box vibration signals to achieve accurate identifi-
cation of wheel tread flats in high-speed trains.

3). MULTIMODAL SENSOR FUSION FOR ROBUST
WHEEL CONDITION ASSESSMENT. Although vision-
based, ultrasonic, acoustic, and vibration-based approaches
are often discussed separately, multimodal sensor fusion is
playing an important role in practical wheel condition
monitoring. In complex railway environments, the perfor-
mance of a single sensing modality may deteriorate sub-
stantially owing to variations in illumination, interference
from rain and snow, aerodynamic noise, surface contami-
nants, installation constraints, and differences in track
excitation. To address the limited robustness of single
modality sensing under such demanding operating condi-
tions, increasing research attention has been directed toward
heterogeneous sensor fusion techniques for accurate fault
identification in railway vehicles [147].

Existing studies have implemented fusion at three
levels, namely data level, feature level, and decision level.
At the data level, Deng et al. [148] transformed multisource
signals into a unified image representation using the sym-
metric dot pattern method, thereby achieving raw data
fusion. Combined with deep neural networks for fused
feature extraction and improvement, the proposed approach
demonstrated superior accuracy and noise robustness com-
pared with both single source and conventional multisource
models on public and noise-augmented datasets. Wang
et al. [149] directly fused vibration and acoustic signals
by combining a gray wolf optimizer with a SVM for rapid
fault identification, further confirming the effectiveness of
heterogeneous acoustic and vibration inputs in improving
both detection efficiency and diagnostic accuracy.

At the feature level, Makrouf et al. [150] proposed a
transfer learning-based framework for the fusion of vibra-
tion and acoustic features. In that method, continuous
wavelet transform was first used to generate multi-sensor
time–frequency representations, after which the fused
wavelet coefficients were employed to fine tune a pretrained
CNN. The resulting method achieved better diagnostic
performance than single modality approaches under vari-
able speed and compound fault conditions. Deng et al.
[151] further developed an improved RSMamba network
based on multidomain image fusion, in which time domain,
frequency domain, and time–frequency domain features
were encoded, while attention mechanisms were introduced
to strengthen the identification of critical features. Such
studies indicate that feature-level fusion can make fuller use
of the complementary information provided by different
sensing modalities and feature domains and has become one
of the most representative routes in heterogeneous sensor
fusion-based fault diagnosis.
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At the decision level, Mey et al. [152] adopted a
stepwise fusion strategy to integrate the diagnostic outputs
of vibration and acoustic emission sensors, thereby com-
bining low-frequency vibration information with high-fre-
quency acoustic emission information to improve the
classification accuracy of incipient damage. Compared
with data-level and feature-level fusion, decision-level
fusion does not require strict synchronization of raw data
and offers better fault tolerance when a single sensing
channel fails or its signal quality deteriorates. Such char-
acteristics make it more suitable for online deployment in
complex engineering environments.

Overall, heterogeneous sensor fusion can be imple-
mented at the data, feature, and decision levels, correspond-
ing respectively to joint representation of raw
measurements, complementary improvement of multi-
modal features, and integration of independent diagnostic
outputs or health indicators. Compared with single modality
monitoring, multimodal fusion offers greater diagnostic
robustness, lower false alarm rates, and more reliable
assessment of damage severity for CBM.More importantly,
static inspection, dynamic monitoring, and heterogeneous
sensor fusion can be viewed as complementary components
of an integrated wheel condition assessment framework.
Static inspection provides high accuracy for condition
confirmation and maintenance verification, dynamic moni-
toring supports early warning and continuous in-service
tracking, and heterogeneous sensor fusion improves diag-
nostic reliability under complex environments and variable
operating conditions. The main wheel condition monitoring
and defect detection methods are summarized and com-
pared in Table IV.

4). DATAAUGMENTATIONANDSMALL-SAMPLE LEARN-
ING FOR RARE ABNORMAL STATES. To address data
scarcity in rare anomalous states, existing studies have
focused on two routes for improving the generalization
capability and robustness of mechanical fault diagnosis
models, namely data augmentation and few shot learning.

Wright et al. [153] noted that conventional deep
learning methods often depend on signal sampling over
specific cycles or fixed time intervals, making the resulting
models sensitive to sampling strategies and previously
unseen operating conditions. To mitigate this limitation,
they used a sliding window technique to augment phase
current signals, thereby reducing the bias associated with
insufficient training sample coverage and improving both
classification accuracy and cross-condition generalization.
In rolling bearing fault diagnosis, where model construction
is often complicated and adaptability to different input
forms is limited, related efforts have also increasingly
explored more flexible strategies for improving model
transferability and robustness. Wang et al. [154] proposed
a general diagnostic framework based on AlexNet. In their
method, raw vibration signals were transformed into fixed-
size time–frequency images, and multiple time–frequency
analysis techniques were employed to generate standard-
ized inputs, thereby reducing the difficulty of model design
and providing a feasible pathway for unified feature repre-
sentation under few-shot conditions. Furthermore, to
address the shortage of fault samples and pronounced
distribution shift in railway mechanical systems under
varying operating conditions, Shi et al. [155] combined
multibody dynamics simulation with fast weighted feature
space averaging to develop a data augmentation framework

integrating physical priors with feature improvement. This
approach not only generates simulated fault samples that
more closely approximate real-world data but can also be
embedded into transfer learning workflows, thereby
improving model robustness under scarce fault data and
varying operating conditions. From the perspective of
generative modeling, Ma et al. [156] proposed a sparse-
constrained generative adversarial network (SC-GAN),
which enables stable generation of raw vibration signals
through autoencoder pretraining, sparse regularization, and
a two-stage training strategy. This method effectively ex-
pands samples of rare fault states and improves diagnostic
accuracy and cross-device generalization in both rolling
bearing and gearbox applications. Meanwhile, from the
perspective of few-shot learning, Che et al. [157] proposed
an ensemble meta-learning (EML) model, in which high-
dimensional vibration signals were converted into grayscale
images, meta-learning tasks were constructed, and multiple
meta-learning sub-models were integrated, enabling rapid
adaptation and accurate identification under few-sample
and varying-condition scenarios.

Overall, above-mentioned studies indicate that data
augmentation can improve the recognition of rare faults
by enriching the sample distribution, whereas few shot
learning and meta-learning can improve transferability
and adaptability across operating conditions and diagnostic
tasks when labeled data are limited. These approaches are
emerging as important technical routes for addressing
anomalous sample scarcity in intelligent fault diagnosis.

5). ADVANCED WEAK-FEATURE EXTRACTION UNDER
HARSH OPERATIONAL ENVIRONMENTS. Under high-
speed and heavy-haul operating conditions, the vibration
response of wheels and wheelset systems is impacted by
multiple coupled factors, including wheel–rail excitation,
track irregularities, speed variation, and environmental
noise, with the result that weak fault signatures are readily
obscured. Conventional methods, such as Fourier transform
and wavelet analysis, are effective for describing frequency
domain and time–frequency characteristics but remain lim-
ited in extracting incipient damage features under strongly
nonlinear, non-stationary, and low signal-to-noise ratio
conditions. Advanced signal processing and intelligent
identification methods have therefore attracted increasing
attention as means of improving the accuracy and robust-
ness of wheel and wheelset damage diagnosis.

Wang et al. [158] proposed a dynamic wheel poly-
gonization detection method based on the iterative cor-
rected discrete Fourier transform, which can reduce the
influence of speed variation and track irregularities on
detection results. To address the non-stationary character-
istics of wheel vibration responses, Chen et al. [159]
achieved quantitative detection of wheel polygonal wear
under variable-speed conditions using an adaptive chirp
mode decomposition method. For the recognition of tread
damage images, He et al. [160] designed a hybrid con-
volutional encoding architecture for typical wheel defects,
including wear, spalling, flats, and cracks, in order to
enlarge the network receptive field while preserving
detailed features. In addition, a cross-attention module
was incorporated to suppress noise and redundant informa-
tion, thereby improving the recognition accuracy of tread
defects. Liu et al. [161] employed a field-validated three-
dimensional vehicle-track coupled dynamic model and, in
combination with the VMD-ES method, extracted weak
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features of wheel flat defects under different speeds and
track irregularity conditions. The results showed that this
method can extract the impact characteristics of wheel flats
and achieve quantitative identification of small-sized flat
defects, while still maintaining good recognition capability
under the coexistence of flats and eccentricity. To address
the problem that fault-related components in axle-box
bearing signals are easily disturbed by track excitation
and random noise, Jin et al. [162] proposed a fault diagnosis
method based on parameter-optimized variational mode
decomposition and an improved deep belief network, which
improved fault feature extraction capability. Furthermore,
Wang et al. [163] developed a reinforcement learning-
based neural architecture search method that can update
network structural parameters and has shown considerable
potential in bearing fault diagnosis.

In summary, signal processing methods for wheel and
wheelset damage diagnosis are evolving from traditional
single-frequency domain analysis toward adaptive decom-
position, weak impact improvement, deep feature learning,
and intelligent structural optimization. Existing studies
have shown that these methods offer clear advantages in
suppressing complex wheel–rail background interference,
improving weak fault signatures, and accommodating vari-
able speed and non-stationary operating conditions, thereby
providing more effective technical support for the early
identification of train faults. Nevertheless, current research
remains focused on specific defect types or laboratory-scale
conditions. Future work can therefore place greater empha-
sis on systematic investigation under complex in-service
line environments, multi-defect coupled scenarios, and

cross-condition generalization. Condition monitoring can
support maintenance decision-making only when measured
signals are converted into interpretable condition indicators
and linked to actionable thresholds. In practical application,
the decision chain can include signal acquisition, feature
extraction, defect and severity inference, threshold compar-
ison, and intervention selection. Different indicators may
support different maintenance actions, and the relationships
among typical damage modes, observable features, detec-
tion methods, and intervention measures are summarized in
Table V. Different indicators may support different main-
tenance actions. Profile deviation and polygonal wear
metrics are closely associated with turning or reprofiling
triggers, whereas crack-sensitive indicators may necessitate
intensified inspection, repair, or wheel withdrawal. The
value of monitoring therefore lies not only in defect detec-
tion but also in providing sufficiently robust and interpret-
able evidence to support the timing and selection of
intervention within a CBM framework.

B. MAINTENANCE STRATEGIES AND
TECHNOLOGIES

Maintenance practice in modern railways is increasingly
shifting toward CBM, in which monitoring outputs, pre-
dictive models, and intervention rules are coordinated to
control safety risk and whole life cost. For wheelsets,
effective maintenance depends on three closely connected
capabilities, namely maintenance decision-making and rule
design, reprofiling quality and process control, and repair or
reinforcement routes for restoring surface integrity. This

Table V. Typical wheel damage modes-observable features-detection methods-intervention measures

Damage
mode

Typical causes/operating
conditions

Observable signals/
features

Common detection
methods

Main intervention
measures

Tread wear/
profile
evolution

Curve negotiation, adhesion
variation, braking, etc.

Tread profile, equivalent
conicity, wheel diameter
difference

Profile measurement/
online geometric
inspection

Reprofiling; profile design
and adaptation to operating
conditions

RCF (surface/
subsurface)

High contact stress, creepage,
and load spectrum

Crack-related features,
fatigue risk indicators

Ultrasonic testing/eddy
current testing/image-
based inspection

Contact condition control;
reprofiling; repair and
strengthening

Polygonization/
out-of-
roundness

Resonance excitation, brak-
ing-induced heat, coupled
wheel–rail excitation

Order spectrum, axle-
box vibration, roundness
indicators

Dynamic monitoring
(vibration/imaging)

Secondary reprofiling;
strategy optimization and
constraint control

White etching
layer/thermal
cracking

Prolonged downhill braking,
thermal shock

Surface microstructural
changes, thermal cracks

Visual inspection/metal-
lographic analysis/non-
destructive testing

Process and material
improvement; repair and
strengthening

Table VI. Applicability of wheel degradation, monitoring, and maintenance strategies across different railway systems

Railway
system

Dominant degradation
features Monitoring priority Maintenance focus Transferability note

High-
speed

Polygonal wear, out-of-round-
ness, stability-sensitive profile
evolution

Dynamic online moni-
toring, weak-feature
detection

Early reprofiling, stabil-
ity-oriented thresholds

Sensitive to conicity and
dynamic excitation

Heavy-
haul

Severe wear, material loss, wear–
RCF interaction

Life/depth/severity
tracking

Cost-efficient life exten-
sion, robust reprofiling
cycles

Strong dependence on axle
load and contact stress

Urban rail Flange wear, curve-related dam-
age, noise issues

Frequent inspection,
geometry/noise
indicators

Rapid intervention,
curve-wear control

Thresholds influenced by
braking frequency and curve
radius
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section reviews recent progress in wheel maintenance, with
particular emphasis on (i) CBM decision frameworks and
depot planning, (ii) reprofiling strategies that balance defect
removal against material loss, and (iii) repair and reinforce-
ment technologies for restoring surface integrity and delay-
ing recurrent damage.

1). MAINTENANCE DECISION-MAKING AND CONDI-
TION-BASED STRATEGIES. As railways transition from
experience-based maintenance to lean CBM, maintenance
decision-making is shifting from a single safety constraint
toward the coordinated optimization of safety, cost, and
efficiency. Optimization of maintenance strategies with the
objective of minimizing life cycle cost has gradually
become an important research direction in wheel–rail oper-
ation and maintenance decision-making, requiring a bal-
ance between economic efficiency and reliability under
safety constraints. In terms of maintenance strategy optimi-
zation models, Liu et al. [164] proposed an interval-based
maintenance strategy formulation method for multi-com-
ponent systems with latent failures, in which the inspection
intervals of individual components are determined by min-
imizing the long-term operating cost rate. Vafaei et al. [165]
proposed a fuzzy early-warning method based on CBM,
thereby improving diagnostic strategies within CBM frame-
works. Rahimikelarijani et al. [166] developed a railway
track maintenance decision model that integrates competing
failure modes and impact-driven degradation processes and
further employed Monte Carlo simulation to determine the
optimal inspection intervals and intervention levels under
CBM. Erguido et al. [167] proposed a reliability-based
multi-objective maintenance model and used simulation
optimization together with the NSGA-II algorithm to solve
for the optimal maintenance strategy. Jiang et al. [168]
developed a dynamic maintenance strategy based on con-
dition monitoring information, aiming to minimize mainte-
nance cost per unit time, and combined wheel diameter and
flange thickness wear laws with a policy-iteration algorithm
to determine the optimal reprofiling strategy. Sancho et al.
[169] proposed a condition information-based optimization
method for rail maintenance decision-making, in which
maintenance strategies were formulated according to in-
dicators such as rail width, rail height, accumulated million
gross tonnes (MGT), and damage state, thereby reducing
rail grinding costs. Zhao [170] addressed the problems of
heavy maintenance workload and insufficient efficiency in
electric multiple unit depots by using an optimization model
for first-level maintenance scheduling based on flexible
operation sequencing. With the objective of minimizing
the completion time of all trainsets, the model comprehen-
sively considered constraints such as the number of opera-
tion lines, line capacity, and operation plans and was solved
using an improved GA. A case study of the Taiyuan EMU
depot showed that, compared with fixed operation sequenc-
ing and a single-track-position mode, flexible operation
sequencing and a double-track-position maintenance
mode can improve maintenance efficiency and line utiliza-
tion while shortening operation time. Wang et al. [171]
pointed out that the wheel reprofiling interval is an impor-
tant basis for determining vehicle maintenance cycles, and
that coordinating the maintenance cycles of other compo-
nents around the wheel reprofiling interval can reduce
excessive maintenance.

Current studies present that CBM effectiveness de-
pends on consistent linkage between condition indicators,

prediction outputs, and decision rules, together with depot
planning models that respect operational constraints. The
key risk is that CBM triggers derived from incomplete
indicators or unvalidated prediction models can shift main-
tenance burden without reducing system risk, leading to
inefficient reprofiling schedules or unexpected wheel re-
movals. Wheelset CBM can therefore be designed around
the reprofiling cycle as an organizing constraint, with
decision logic calibrated against route-specific degradation
spectra and validated using measurable outcomes such as
life extension, defect recurrence rate, and depot throughput.

2). INTELLIGENT DECISION-MAKING FOR MAINTE-
NANCE. To reduce the impact of prediction drift and
model overconfidence on CBM triggering, recent studies
have moved beyond fixed threshold strategies toward adap-
tive and self-updating decision frameworks. Representative
approaches include risk-informed decision support, adap-
tive threshold setting, online model updating, incremental
learning, and dynamic optimization based on RUL feed-
back. Consilvio et al. [172] developed a risk-based decision
support system in which degradation prediction is linked to
maintenance intervention once a predefined risk threshold is
reached, thereby reducing both unexpected failures and
redundant maintenance. Lin et al. [173] proposed an intel-
ligent maintenance decision method that combines multi-
dimensional degradation assessment with a stochastic
degradation model accounting for flange wear, polygonal
wear, and wheel–rail impact and introduced an adaptive
preventive-maintenance threshold mechanism. To address
operating-condition drift, García et al. [174] incorporated
online incremental classification and interpretability mod-
ules for adaptive threshold adjustment and model updating,
while Martins et al. [175] combined statistical models,
clustering, hidden Markov models, and supervised learning
with a “confidence sphere” mechanism to enable self-
updating prediction and dynamic threshold adaptation.
For dynamic multi-objective maintenance planning, Chen
et al. [176] employed multi-agent reinforcement learning
and used RUL as feedback to continuously adjust mainte-
nance strategy. Zhang et al. [177] further proposed a wheel
maintenance strategy integrating periodic inspection and
preventive maintenance, in which inspection intervals and
reprofiling actions are optimized by minimizing mainte-
nance cost rate under flange-thickness-related risk con-
straints. Although not all of these studies were developed
specifically for railway wheels, they still offer useful im-
plications for wheel CBM. In particular, they suggest that a
robust maintenance framework can integrate prediction
outputs with uncertainty and risk evaluation, online model
updating, and adaptive intervention thresholds, rather than
relying solely on fixed decision rules.

Overall, these studies indicate that mitigating drift and
overconfidence in wheel CBM depends not only on
improved prediction models but also on adaptive decision
logic supported by uncertainty quantification, risk assess-
ment, online updating, and threshold recalibration.

3). WHEEL REPROFILING STRATEGIES. Profile degra-
dation during wheel–rail service can lead to stress concen-
tration in the contact zone, deterioration in vehicle dynamic
behavior, and accelerated wear and RCF. These effects
impose significant constraints on the running stability of
heavy-haul and urban rail vehicles and on the service life of
the track system. Wheel reprofiling is therefore an essential
engineering intervention for controlling wheel–rail profile

Railway Wheel Life Cycle Management 175

JDMD Vol. 5, No. 2, 2026



matching, slowing damage evolution, and reducing opera-
tion and maintenance costs.

With respect to wheel reprofiling, Shao et al. [178]
reviewed the characterization methods, measurement ap-
proaches, and control standards for wheel polygonal wear
and, based on operational data and tracking test results,
summarized the basic characteristics and evolution patterns
of polygonal wear in high-speed EMU wheels. On this
basis, they proposed reprofiling control strategies for sup-
pressing the development of wheel polygonization in high-
speed EMUs. Yang et al. [179] conducted a comparative

analysis of the evolution of wheel out-of-round wear after
machining on different lathes and found that a wheel lathe
with higher wheelset fixing stiffness can effectively sup-
press the development of higher-order out-of-round wear
after reprofiling. Ren et al. [180] showed that when the arc
length at the contact point between the wheel and the lathe
driving wheel approaches an integer multiple of the wave-
length of wheel polygonization, driven-wheel-positioning
reprofiling may generate a pronounced form-copying
effect; they further demonstrated that adjusting the spacing
between the driving wheels can improve the quality of

Fig 10. A closed-loop workflow for wheel reprofiling strategy formulation.
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polygon reprofiling. Huang et al. [181] proposed an opti-
mized reprofiling strategy for controlling the wheel diame-
ter difference of the whole vehicle based on statistical data
for wheel diameter and flange wear, which can reduce the
amount of material removed during locomotive reprofiling.
Liu [182] presented a flange-thinning model based on the
standard thin-flange tread profile and, in combination with
actual wear evolution, determined an optimal tread reprofil-
ing scheme. By incorporating the model into an economical
maintenance framework and considering factors such as the
initial turning amount and wheel diameter difference, the
study optimized flange thickness, material removal, and
reprofiling sequence, thereby enabling customized and
refined wheel reprofiling design. Cui et al. [183], focusing
on polygonal wear associated with underfloor wheel repro-
filing, proposed that secondary reprofiling can effectively
eliminate higher-order polygonization. Their results further
indicated that the eccentricity magnitude and phase angle of
the friction roller are key factors inducing fourth-order
polygonization, that the severity of this phenomenon de-
pends on the level of eccentricity, and that roller spacing has
a significant influence on reprofiling quality.

Overall, significant progress has been made in wheel
polygonization control, reprofiling equipment develop-
ment, and reprofiling parameter matching. Nevertheless,
current studies remain centered on the optimization of
wheel maintenance as an isolated component, with limited
consideration of the coordinated regulation between rail
grinding and wheel reprofiling under coupled wheel–rail
profile matching conditions. As a result, full life cycle
parameter optimization for coordinated wheel–rail mainte-
nance has not yet been realized. Further research is therefore
needed to demonstrate a closed-loop framework for wheel
reprofiling strategy formulation and integrated wheel–rail
maintenance, as shown in Fig. 10.

C. APPLICABILITY ACROSS DIFFERENT
RAILWAY SYSTEMS

The applicability of the reviewed studies across different
railway systems can be interpreted with caution, because
high-speed, heavy-haul, and urban rail operations are char-
acterized by different loading spectra, contact conditions,
and maintenance constraints. In high-speed rail, operational
safety and ride quality are sensitive to wheel–rail matching,
equivalent conicity, out-of-roundness, and polygonal wear,
such that even minor profile deviations can amplify
dynamic excitation and noise. In this context, profile opti-
mization, dynamic stability control, and early detection of
weak fault signatures are of particular importance. By
contrast, in heavy-haul systems, high axle loads and severe
contact stresses make tread and flange wear, material loss,
and the interaction between wear and RCF more dominant.
Under such conditions, material selection, hardness distri-
bution, heat treatment, surface strengthening, and cost-
effective reprofiling intervals become more critical than
in lighter duty applications. In urban rail and metro systems,
frequent traction and braking cycles, tight curves, and
limited maintenance windows place greater emphasis on
flange wear, curve-related damage, noise and vibration
control, and rapid inspection and intervention cycles. These
differences indicate that no single monitoring, prediction, or
maintenance strategy can be regarded as universally opti-
mal. Findings obtained in one railway system can therefore
not be transferred directly to another without adjustment for

axle load, speed range, traction and braking duty, curve
distribution, track quality, and maintenance organization. In
particular, for CBM implementation, monitoring indicators,
maintenance thresholds, and intervention timing can be
calibrated against system-specific degradation modes and
operational objectives. The applicability of wheel degrada-
tion, monitoring, and maintenance strategies across differ-
ent railway systems is summarized in Table VI.

V. CONCLUSIONS AND FUTURE
OUTLOOK

(1) During the design and manufacturing stage, the mate-
rial system, tread geometry, and manufacturing route
jointly determine the baseline wear resistance and
damage tolerance of the wheel, while environment
adaptive design defines the lower bound of perfor-
mance under extreme service conditions. During the
operational service stage, wheel–rail matching and
operating conditions govern damage evolution, and
both geometric evolution and risk accumulation must
be considered in wear and RCF assessment. During
the diagnosis and maintenance stage, static and
dynamic inspection methods are complementary,
whereas reprofiling and repair or strengthening mea-
sures must be coordinated under the combined con-
straints of geometry, vehicle dynamics, and economic
efficiency. A full life cycle closed-loop framework
integrating the three stages of design and manufactur-
ing, operational service, and diagnosis and mainte-
nance therefore represents the fundamental route to
improving wheel service performance while balanc-
ing safety and cost. At present, technologies at each
stage are evolving from isolated development toward
coordinated optimization. Material design is shifting
from a single property focus to the multi-objective
coordination of strength, toughness, wear resistance,
and fatigue resistance. Operation and maintenance are
moving from corrective and schedule-based ap-
proaches toward predictive and CBM. Inspection
and diagnosis are advancing from static single param-
eter detection to dynamic intelligent diagnosis based
on multisource information fusion. Nevertheless,
from the perspective of engineering implementation,
the chain of prediction, decision, intervention, verifi-
cation, and feedback has not yet been investigated.
Data silos, model mismatch, and threshold inconsis-
tency across stages remain the principal barriers to
systematic improvement in service performance.

(2) The indicator and threshold system also remains
insufficiently unified. During the design and
manufacturing stage, the principal indicators are
material strength, hardness, and microstructural uni-
formity. During the operational service stage, atten-
tion shifts to equivalent conicity, wear rate, and
fatigue index. During the diagnosis and maintenance
stage, decision-making relies more directly on indi-
cators such as wheel diameter difference, crack depth,
and vibration features. The absence of explicit map-
ping relationships among such stage-specific indica-
tors makes it difficult to apply a closed-loop
verification framework linking damage modes,
observable signals, and intervention thresholds and
may consequently lead to the coexistence of over
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reprofiling and delayed risk response. In addition, the
generalizability of predictive models and the quanti-
fication of uncertainty remain inadequate. Physics-
based models for wear and RCF are constrained by
the accuracy of contact parameter identification and
by computational cost, which limits their online
applicability. Data-driven models, by contrast,
depend heavily on high-quality historical data and
are prone to distribution drift when transferred across
lines or operating conditions. More importantly, most
existing models still lack effective uncertainty quan-
tification, leaving maintenance decisions without reli-
able confidence bounds. A further limitation lies in
the lack of coordinated wheel–rail maintenance me-
chanisms. Current maintenance strategies continue to
focus on either the wheel or the rail as an individual
component, with insufficient consideration of profile
matching, hardness matching, and damage coupling
within the wheel–rail system. Rail grinding and wheel
reprofiling are planned and executed independently,
making it difficult to support joint decision-making
aimed at minimizing life cycle cost at the system
level. At the same time, a contradiction remains
between the robustness and real-time capability of
diagnostic inspection. Dynamic inspection methods,
including vibration, acoustic, and vision-based tech-
niques, can provide high-frequency online warning
but often suffer from high false alarm and missed
alarm rates under complex environmental conditions
such as variable illumination, rain and snow, and
ambient noise. Static inspection methods, such as
ultrasonic testing and profile measurement, offer
higher accuracy but are performed too infrequently
to support real-time decision-making. An effective
linkage mechanism between dynamic early warning
and static verification has therefore yet to be offered.

(3) For future engineering-oriented closed-loop imple-
mentation, research can progress systematically along
four interrelated layers, namely data integration,
model fusion, coordinated decision-making, and ver-
ification with feedback. First, a unified service per-
formance indicator system and data standard can be
standardized. Priority can be given to developing a
standardised mapping framework linking damage
mode, observable signal, assessment indicator, and
intervention measure, thereby opening data interfaces
across the three stages of design and manufacturing,
operational service, and diagnosis and maintenance,
and forming a traceable full life cycle data asset.
Second, hybrid physics and data-driven modeling
methods can be developed. Physics-based models
can provide prior constraints and physical interpret-
ability, whereas data-driven models can compensate
for unmodeled dynamics and condition drift. At the
same time, probabilistic prediction frameworks can
be introduced to quantify predictive uncertainty and
provide explicit risk bounds for maintenance deci-
sion-making. Third, a system-level coordinated main-
tenance optimization model for the wheel–rail system
can be developed. Such a model can move beyond the
traditional single component maintenance paradigm
and support joint maintenance strategies that explic-
itly account for wheel–rail hardness matching, profile
matching, and damage coupling, with the aim of

minimising life cycle cost and achieving coordinated
optimization of reprofiling intervals, grinding inter-
vals, and maintenance actions. Fourth, a closed–loop
validation mechanism covering prediction, decision,
intervention, verification, and feedback can be devel-
oped. Supported by a digital twin platform, post-
maintenance inspection data can be fed back to
optimise design parameters, calibrate predictive mod-
els, and update decision rules, thereby forming a
continuously evolving closed-loop optimization
capability. In parallel, for repair and improving tech-
nologies, a complete engineering validation frame-
work can be established, covering process windows,
quality control, and in-service durability verification.
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