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ABSTRACT
Wheel profile evolution due to tread wear shifts the suspension 
parameters required for favourable vehicle dynamic performance. 
Conventional fixed-parameter designs often compromise across 
diverse contact conditions, making it difficult to maintain robust per-
formance throughout the wheel life cycle. This paper proposes a 
supervisory staged configuration method for yaw dampers based 
on wheel-rail contact geometry. The approach implements discrete 
updates to yaw-damper configurations, driven by equivalent conic-
ity, via manual adjustments during maintenance intervals. First, a lin-
ear high-speed locomotive model identifies key suspension param-
eters affecting hunting stability. Subsequently, a simulation-based 
surrogate model, integrating measured wheel profiles with SIM-
PACK multi-body dynamics, is constructed to optimise the match-
ing between suspension parameters and staged yaw-damper con-
figurations. Furthermore, an equivalent conicity observation model 
is developed to estimate contact states and support a geometry-
dependent switching law. Finally, a 200,000 km joint wear-dynamics 
simulation validates the proposed method. The recommended Opt2 
scheme effectively reduces wheelset lateral forces while improv-
ing hunting stability, ride quality, and wear-related indices over the 
wheel life cycle.
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1. Introduction

The design of locomotive suspension parameters is closely coupled with wheel-rail contact 
geometry [1]. When dynamic performance is taken as the optimisation objective, different 
wheel-rail contact geometric conditions correspond to specific optimal suspension param-
eter sets. However, during the long-term service of high-speed locomotives, tread wear 
inevitably alters the wheel-rail contact profile, which may disrupt suspension-geometry 
matching. This mismatch may intensify vehicle vibration and wheel-rail dynamic inter-
action. Equivalent conicity is a key indicator of contact-geometry evolution. Abnormal 
deviations in equivalent conicity can significantly impair vehicle dynamic performance 
and degrade hunting stability. For high equivalent conicity caused by hollow-worn wheels, 

CONTACT  Yuan Yao yyuan8848@163.com

© 2026 Informa UK Limited, trading as Taylor & Francis Group

http://www.iavsd.org/
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/00423114.2026.2728165&domain=pdf&date_stamp=2026-09-02
http://orcid.org/0000-0003-2279-7463
mailto:yyuan8848@163.com


2  H. LI ET AL.

Wang and Gong reviewed the corresponding stability degradation mechanisms and coun-
termeasures [2], while Qi et al. further investigated the characteristics of hollow wear 
and its suppression measures for high-speed trains [3]. Higher equivalent conicity usually 
occurs in the later stage of wheel wear and is prone to inducing high-frequency secondary 
hunting instability in the bogie. For low equivalent conicity conditions, Chang et al. anal-
ysed the mechanism of high-speed train carbody shaking caused by wheel-rail contact 
geometry degradation [4], and Sun et al. reported carbody hunting of an electric loco-
motive induced by low wheel-rail contact conicity [5]. Lower equivalent conicity is more 
commonly observed after thin-flange reprofiling and tends to trigger low-frequency pri-
mary hunting instability of the carbody. Since conventional fixed suspension parameters 
can only achieve a performance compromise among multiple operating conditions, they 
are often unable to satisfy the continuously evolving dynamic requirements over the entire 
life cycle. Consequently, state-dependent yaw damper configuration adapted to wheel-rail 
contact geometry evolution is required.

Extensive research has been conducted on the deterioration of locomotive dynamic 
performance caused by the evolution of wheel-rail contact geometry. Several studies have 
focused on refining wheel-rail wear simulation models and revealing the coupling mecha-
nisms between wheel wear evolution and vehicle dynamic responses. Bosso et al. reviewed 
numerical models for wheel and rail profile wear simulation and summarised the gen-
eral framework of wear prediction based on vehicle dynamics and contact calculation [6]. 
Xie et al. proposed a wheel profile wear prediction framework for high-speed trains con-
sidering tread modification [7]. Nencioni et al. developed an efficient conformal contact 
model for multibody and railway applications [8], while Apezetxea et al. experimentally 
validated a fast wheel wear prediction model [9]. H-Nia et al. further evaluated rail main-
tenance strategies from a life-cycle cost perspective based on simulation results [10]. With 
the development of data-driven techniques, Liu et al. proposed a two-step wheel tread 
wear prediction method based on GA-BPNN and LSTM algorithms [11], Wang et al. 
applied neural networks to tread wear prediction and optimisation [12], and Chen et al. 
developed a knowledge-informed wheel wear prediction method using multisource sig-
nal data [13]. Liu and Bruni analysed the influence of individual measured wheel profiles 
on the numerical assessment of rail vehicle running dynamics [14]. Gao et al. proposed 
a wheel wear indicator related to wheel-rail contact parameters and vehicle hunting sta-
bility [15]. Li et al. investigated the mechanisms of wheel wear evolution and wheel-rail 
contact geometry variation in locomotives, showing that equivalent conicity evolution can 
be strongly affected by the lateral migration of the nominal wear peak rather than wear 
depth alone [16]. Kulkarni et al. investigated the effect of the nonlinearity of the equiva-
lent conicity function on vehicle dynamic behaviour under typical service conditions [17]. 
These studies indicate that wheel-rail contact geometry evolution is not only a wear prob-
lem, but also a key factor affecting hunting stability, ride quality, and wheel-rail dynamic 
interaction. These efforts have provided a theoretical basis for predicting the long-term 
in-service performance of railway vehicles. From the perspective of maintenance-oriented 
performance preservation, wheel-rail contact-geometry degradation is usually addressed 
by restoring or modifying the wheel-rail profile state. Ye et al. developed an individu-
alised wheel profile fine-tuning system for profile recommendation [18], while Cui et al. 
optimised rail profiles and grinding patterns in curved subway sections [19]. With the 
development of condition-based maintenance, H-Nia et al. demonstrated that wheel and 
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rail life prediction can support maintenance decision-making for wheel-rail systems [20]. 
These studies mainly improve long-term service performance by intervening in wheel or 
rail profiles. In contrast, the present study focuses on vehicle-side dynamic adaptation to 
contact-geometry evolution. By adjusting the yaw-damper configuration according to the 
equivalent conicity state, the proposed method aims to reduce the dependence of vehicle 
dynamic performance on a narrow range of wheel-rail contact geometries, thereby miti-
gating performance degradation before profile restoration becomes necessary. Therefore, 
the maintenance relevance of this work lies in its potential to extend the allowable wheel 
service mileage and reduce premature profile-maintenance interventions. Concurrently, it 
has become a prevailing trend in recent years to holistically balance wear performance and 
operational stability by optimising wheel-rail profiles, tuning suspension parameters, and 
developing high-performance dampers. Specifically, Firlik et al. optimised a tram wheel 
profile using a biologically inspired algorithm [21], Ye et al. proposed a rotary-scaling fine-
tuning method for optimising railway wheel profiles and applied it to a locomotive [22], 
and Qi et al. optimised the wheel profile of variable gauge high-speed trains [23]. In terms 
of suspension design, Li et al. optimised suspension parameters for high-speed trains with 
severe tread wear [24], Song et al. adopted a surrogate-model-based multi-parameter opti-
misation method to improve vehicle dynamics and reduce wheel wear [25], and Li et al. 
investigated suspension-parameter matching of high-speed locomotives based on stabil-
ity/comfort Pareto optimisation [26]. In addition, Zhang et al. studied the adaptive stability 
mechanism of a high-speed train employing a parallel inerter yaw damper [27], and Stichel 
et al. discussed the potential of active suspension for improving rail vehicle dynamic per-
formance [28]. However, the introduction of new profiles necessitates extensive long-term 
operational validation, and system-wide rail replacement exhibits low feasibility alongside 
prolonged implementation cycles. Furthermore, existing parameter optimisation studies 
are predominantly based on specific profiles or static contact conditions, while the deploy-
ment of complex high-performance damping devices often poses risks to overall system 
reliability. Consequently, achieving dynamic adaptation between vehicle dynamic perfor-
mance and the evolving wheel-rail contact geometry throughout the entire life cycle in a 
cost-effective and highly reliable manner remains challenging in practical engineering.

To address the aforementioned engineering challenges, this paper proposes a supervi-
sory staged configuration method for yaw dampers based on the state of wheel-rail contact 
geometry. First, by integrating measured wheel-rail profiles with dynamic analyses, this 
study identifies typical stability degradation characteristics and their corresponding con-
tact geometry characteristics, thereby elucidating the underlying mechanisms of vehicle 
instability under both low and high equivalent conicity conditions. Subsequently, a lin-
ear dynamic model of the locomotive is established. Root locus analysis is then used to 
identify key suspension parameters affecting hunting stability under different equivalent-
conicity levels, providing the basis for stability-oriented parameter matching. Furthermore, 
to overcome the limitation that fixed suspension parameters cannot adapt to the contin-
uous evolution of wheel-rail matching states, a preventive staged configuration strategy is 
constructed. This strategy utilises the nominal equivalent conicity as a state criterion to 
implement staged switching of yaw damper characteristics at discrete mileage intervals. 
Finally, in conjunction with full-life-cycle wheel wear simulations, the evolution laws of 
tread profiles, equivalent conicity, and dynamic performance under different configura-
tion schemes are systematically compared. This enables a comprehensive evaluation of the 
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proposed method’s effectiveness regarding wear control, wheel-rail matching state preser-
vation, and the maintenance of long-term dynamic performance, thereby validating its 
adaptability to wheel-rail contact geometry evolution.

The main contributions of this study are as follows. Wheel wear evolution, varia-
tions in wheel-rail contact geometry, degradation of hunting stability, and adjustments in 
yaw damper configuration are incorporated into a unified analytical framework, within 
which the parameter and configuration design of the suspension system for high-speed 
locomotives is discussed from a full-life-cycle perspective. In addition, a supervisory 
staged configuration strategy based on wheel-rail contact geometry states is proposed, 
providing a new perspective for the prevention of wear-induced hunting instability and 
state-dependent suspension system regulation of high-speed locomotives during service.

The structure of this paper is organised as follows. Section 2 analyses typical stability 
degradation phenomena and their corresponding wheel-rail contact geometric character-
istics, reveals the relationship between wheel-rail matching states and hunting stability, and 
identifies the key suspension parameters based on a linear locomotive model. Section 3 per-
forms suspension parameter optimisation based on a model-data synergy surrogate model 
and incorporates the equivalent conicity observer into the supervisory staged configura-
tion framework for yaw dampers. Section 4 compares and analyses the wear evolution, 
variations in wheel-rail matching states, and dynamic performance evolution under differ-
ent schemes through full-life-cycle wheel wear simulations. Finally, Section 5 summarises 
the main conclusions and provides an outlook for future work.

2. Hunting stability characteristics and root locus analysis

2.1. Hunting stability characteristics

To clarify the relationship between the two types of hunting instability observed during 
service and wheel-rail contact geometry, measurements of the wheel profiles and the rail 
profiles in the operating sections were carried out for vehicles exhibiting primary hunting 
and secondary hunting, respectively. The measurements showed that the rails along the 
line did not exhibit severe wear. Therefore, the standard CN60 rail profile was uniformly 
adopted in this study. The vehicle exhibiting primary hunting was equipped with a newly 
reprofiled JM3 wheel. Since the reprofiling standard for JM3 wheels is not unique, this 
reprofiled profile is denoted as JM3T1; unless otherwise specified, it is used as the initial 
wheel profile in the subsequent analysis. The wheel associated with secondary hunting had 
accumulated a service mileage of more than 20,000 km and exhibited pronounced hollow 
wear; this profile is denoted as JM3W.

The measured wheel and rail profiles were imported into the SIMPACK multibody 
dynamics model to update the wheel-rail contact relationship. Figure 1 shows the relation-
ships among wheel profile characteristics, wheel-rail contact states, and dynamic responses 
for the two hunting instability modes, together with comparisons between measured and 
simulated results. Figures 1(a and b) present the wheel-rail contact geometries correspond-
ing to primary hunting and secondary hunting, respectively, where different colours denote 
the contact point positions associated with different wheelset lateral displacements, 1y. 
Figure 1(c–f) shows the simulated and measured responses of the two hunting phenomena 
in the frequency and time domains.
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Figure 1. Field-simulation comparison of primary/secondary hunting induced by typical wheel-rail 
profile degradation.

As shown in Figure 1(a), when JM3T1 is matched with the rail profile, a pronounced 
concentration of contact points appears, and the contact region is located on the side away 
from the flange, resulting in a smaller rolling radius difference induced by wheelset lateral 
displacement. In contrast, Figure 1(b) shows that, after wear, the contact points shift toward 
the flange side when the wheel is matched with the rail profile, leading to a larger rolling 
radius difference caused by wheelset lateral displacement. As can be seen from Figure 
1(c–f), primary hunting is mainly characterised by low-frequency swaying reflected in the 
carbody lateral acceleration, whereas secondary hunting is mainly manifested as higher-
frequency vibration represented by the bogie lateral acceleration. The simulation results 
agree well with the measurements in terms of the dominant frequency band in the fre-
quency domain and the amplitude characteristics in the time domain, thereby confirming 
that the evolution of wheel-rail contact geometry is the key factor inducing these two types 
of hunting instability.

The influence of wheel-rail contact geometry on hunting stability can be interpreted 
through the rolling-radius difference function. Lateral displacement of a wheelset changes 
the left and right contact positions, producing a rolling-radius difference that generates a 
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Figure 2. Comparison of four typical wheel tread profiles and the corresponding equivalent conicity 
characteristics when matched with the standard rail: (a) comparison of four wheel tread profiles; (b) 
equivalent conicity curves of the four tread profiles matched with the standard rail.

yawing moment and couples lateral and yaw motions. This mechanism normally provides 
self-centering, but a larger rolling-radius difference strengthens the coupling and increases 
the hunting frequency. Equivalent conicity characterises the overall variation of the rolling-
radius difference within a given lateral displacement range and serves as a key indicator 
of the wheel-rail matching state. Higher equivalent conicity generally lowers the critical 
speed and may induce high-frequency secondary hunting instability, whereas excessively 
low equivalent conicity tends to cause low-frequency primary hunting instability.

Figure 2 presents the wheel tread profiles under four tread conditions and the corre-
sponding comparisons of equivalent conicity when matched with the standard rail. The 
four tread conditions include the standard JM3 tread, two thin-flange treads with different 
flange thicknesses, denoted as JM3T0 and JM3T1, and the worn tread JM3W.

As shown in Figure 2(a), noticeable differences can be observed among the four tread 
profiles in the flange region and the tread transition region. Figure 2(b) further shows that 
these profile differences lead to significant changes in the wheel-rail matching relationship, 
which are ultimately reflected in the equivalent conicity curves. Specifically, JM3T1 exhibits 
an extremely low equivalent conicity, whereas JM3W exhibits an extremely high equivalent 
conicity. These results indicate that the evolution of wheel tread morphology can signifi-
cantly alter the wheel-rail contact geometry and further affect the hunting stability of the 
vehicle.

2.2. Linear dynamic model

To analyse the mechanisms and influencing factors of hunting stability and identify the 
key suspension parameters, nonlinear factors such as wheel-rail contact and dampers were 
linearised, and a simplified linear dynamic model was established. A schematic of the lin-
ear model is shown in Figure 3. The model is described in the carbody coordinate system 
O-xyz, in which the positive x-axis points toward the front of the locomotive, the positive 
y-axis points to the right in the top view, and the positive z-axis is defined downward from 
the centre of mass. The vehicle system consists of the carbody, bogies, wheelsets, motors, 
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Figure 3. Simplified linear dynamic model of the locomotive.

and suspension elements. The suspension elements include the primary suspension, sec-
ondary suspension, and motor suspension, which are represented by brown, red, and green 
symbols, respectively, in Figure 3.

The lateral damper in the secondary suspension and the yaw damper are modelled using 
Maxwell elements, whereas all other suspension components are represented by Kelvin-
type spring-damper elements. To highlight the mechanism of hunting stability and lateral 
vibration, only the lateral displacement and yaw degrees of freedom (yw, ψw) are retained 
for the wheelsets, while the bogie frames and the carbody retain the lateral displacement, 
yaw, and roll degrees of freedom (y, ψ , φ), and the motors retain only the lateral degree 
of freedom (yd). Accordingly, the generalised coordinate vector q is defined as shown in 
Equation (1).

q = [yw1,ψw1, · · · , yw6,ψw6, yf 1,φf 1,ψf 1, · · · , yc,φc,ψc, yd1, · · · , yd6]T (1)

Here, the subscripts w, f, c, and d denote the wheelset, bogie frame, carbody, and motor, 
respectively. Under the assumptions of small displacements and small rotation angles, 
the relative displacements between the mounting points at both ends of each suspension 
element can be expressed as linear combinations of the generalised coordinates.

The dynamic equations are formulated based on the relative deformations of the suspen-
sion elements and are automatically assembled through global matrices. For an arbitrary 
suspension element j, its relative deformation can be expressed as

δj(q) = aTj q (2)

where, aj is a sparse coefficient vector determined by the geometric positions of the mount-
ing points, and this representation compactly incorporates the geometric coupling into 
aj.

For the Kelvin-type (parallel) spring-damper elements, based on the principle of virtual 
work, their assembly forms into the global stiffness and damping matrices can be expressed 
as:

K ← K + kjajaTj , C← C + cjajaTj (3)

An internal state variable, zj, is introduced to represent the deformation of the internal 
spring branch within the Maxwell model. According to its series structural characteris-
tics and force equilibrium conditions, the element force and the internal state differential 



8  H. LI ET AL.

equation can be derived as follows:

Fj = kjzj, żj̇ = aTj q̇−
kj
cj
zj (4)

By stacking the geometric coefficient vectors of all Maxwell elements into the matrix Am =

[a1, . . . , am], and defining

Ks = diag(k1, . . . , km), D = diag(k1/c1, . . . , km/cm) (5)

the system dynamic equations with internal states can be obtained as

Mq̈+ C0q̇+ K0q+ AmKsz = Qwr, ż = AT
mq̇− Dz (6)

where, K0 and C0 denote the contributions of all structural and suspension components 
other than the Maxwell elements to the system stiffness and damping, respectively. Wheel-
rail contact is modelled using linear creep theory, and its effect is incorporated into the 
system equations through the equivalent linear force term Qwr.

The augmented state vector xis defined as shown in Equation (7).

x = [qT, q̇T, zT]T (7)

Based on Equation (6), the system dynamic equations can be equivalently reformulated 
into a linear time-invariant state-space form by introducing the augmented state vector, as 
follows:

ẋ =

⎡⎣ 0 I
−M−1K −M−1C −M−1AmKs

0 AT
m −D

⎤⎦
⏞ ⏟⏟ ⏞

A

x (8)

The modal damping and frequency characteristics can be obtained by calculating the 
eigenvalues, denoted as λ = σ ± jω, of the system matrix A. Here, σ  and ω represent 
the real and imaginary parts of the eigenvalue, respectively. The modal frequency f  and 
damping ratio ζ  can be expressed as follows:

f =
ω

2π
, ζ = −

σ
√
σ 2 + ω2

(9)

By sweeping key parameters such as the running speed and equivalent conicity, the 
evolution laws of the system modes with respect to these parametric variations can be 
systematically analysed.

2.3. Root locus analysis

The root locus of the linear model provides an intuitive evaluation of the locomotive’s sta-
bility margin and its evolution laws with respect to parameter variations. To facilitate the 
accurate identification of the physical attributes of distinct modes in the root locus plot, the 
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modes are labelled based on the modal energy distribution of the eigenvectors. The poten-
tial energy component associated with the i-th degree of freedom (DOF) is expressed as 
follows:

Ep,i =
1
2
Re{φ̄i(Kφ)i} (10)

where K is the stiffness matrix and φ is the displacement modal vector. The potential energy 
share of the i-th DOF is defined in Equation (11):

EpSharei =
Ep,i∑︁
j
Ep,j

(11)

To rapidly identify the physical origins of different modes in the root locus plot, the modal 
potential energy share, EpSharei, serves as the classification criterion. Specifically, the 
DOF exhibiting the maximum EpSharei is defined as the dominant DOF of that mode, 
allowing the eigenvalues to be classified and labelled accordingly. Figure 2 illustrates the 
root loci under speed-sweeping conditions for three equivalent conicity scenarios (λ =
0.04, 0.16, 0.60). In this plot, different colours are utilised to distinguish the equivalent 
conicities, while the marker sizes correspond to the running speeds.

In Figure 4, the horizontal axis represents the modal damping ratio ζ , and the vertical 
axis represents the damped modal frequency f . Each root locus curve consists of 45 sets of 
eigenvalues, corresponding to a speed sweep from 80 to 300 km/h. In theory, the system 
becomes unstable when the damping ratio falls below zero. However, from a more conser-
vative engineering perspective, a threshold of 0.05 is adopted in this study. The two green 
dashed lines in the figure denote the theoretical instability threshold and the engineering 
instability threshold, respectively.

As shown in Figure 4, the carbody-related modes are mainly distributed in the low-
frequency range. Under low-conicity conditions, the frequencies of the hunting-related 
modes decrease and move closer to the carbody modes, indicating a more pronounced cou-
pling trend. Under high-conicity conditions, by contrast, the frequencies of the hunting-
related modes shift upward, and the distribution of the modal clusters differs significantly 
from that under low-conicity conditions.

Given the clear differences in hunting stability characteristics under high- and low-
conicity conditions, the influence of suspension parameters on stability is further analysed. 
A total of 12 suspension parameters are selected as variables, and their symbols and ranges 
are listed in Table 1.

In Table 1, the secondary longitudinal stiffness and the secondary lateral stiffness are 
assigned the same range of values. Therefore, only the secondary longitudinal stiffness 
is used in this study to represent both parameters. The 12 suspension parameters listed 
in Table 1 are each uniformly discretized into 40 sampling points within their prescribed 
ranges, and the corresponding root loci are calculated one by one under three equivalent 
conicity conditions. The results are shown in Figure 5.

As shown in Figure 5, the primary longitudinal stiffness, yaw damper damping, sec-
ondary lateral damper damping, yaw damper stiffness, secondary vertical stiffness, and 
secondary longitudinal stiffness have significant influences on stability. Considering both 
the operational feasibility in maintenance practice and the degree to which suspension 
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Figure 4. Root loci and modal classification under a speed sweep for different equivalent conicities.

Table 1. Suspension parameters considered in the analysis and their ranges, baseline values, units, and 
symbols.

Suspension parameter Range Original value Unit Symbol Order

Primary longitudinal stiffness 17.1∼ 51.3 34.2 kN/mm Kpx a
Primary lateral stiffness 2.5∼ 7.5 5.1 kN/mm Kpy b
Primary vertical stiffness 1.07∼ 3.21 2.154 kN/mm Kpz c
Yaw damper damping (single) 250∼ 750 500 kN·s/m Csx d
Secondary lateral damper damping 30∼ 90 50 kN·s/m Csy e
Secondary vertical damper damping 5∼ 15 10 kN·s/m Csz f
Yaw damper stiffness (single) 4∼ 12 8 kN/mm Knx g
Secondary lateral damper stiffness 6.25∼ 18.75 12.5 kN/mm Kny h
Secondary vertical stiffness 0.55∼ 1.65 1.11 kN/mm Ksz i
Secondary longitudinal stiffness 0.165∼ 0.495 0.33 kN/mm Ksx j
Motor mounting stiffness 0.6∼ 1.8 1.2 kN/mm Ksm k
Motor mounting damping 40∼ 120 80 kN·s/m Csm l

parameters affect stability, the yaw damper is selected as the adjustment target. A super-
visory damping scheduling strategy based on equivalent conicity is therefore proposed to 
realise the staged configuration of the yaw damper. Using equivalent conicity as an indica-
tor of the wheel-rail contact geometry state, when the observed equivalent conicity exceeds 
a preset threshold, the yaw damper configuration is switched from single-damper opera-
tion to dual-damper operation to enhance hunting stability. After wheel reprofiling, when 
the equivalent conicity returns to a low level, the configuration is switched back from 
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Figure 5. Root-locus responses and comparative influence analysis under parameter sweeps for differ-
ent equivalent conicities.

dual-damper operation to single-damper operation so as to improve ride comfort. Within 
one wheel reprofiling cycle, this strategy typically requires only one manual adjustment, 
which can be implemented by tuning the damping valve knob of the yaw damper. Based 
on the root locus analysis of the single- and dual-yaw-damper configurations, and con-
sidering both stability improvement and practical implementation, the equivalent conicity 
threshold was set to 0.1 in this study.
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3. Staged configuration strategy for yaw dampers

Existing suspension parameter schemes are usually designed under the assumption of a 
fixed yaw damper configuration. In this study, a staged yaw damper strategy is introduced, 
allowing the configuration to switch with changes in the wheel-rail contact state, thereby 
altering the dynamic characteristics of the vehicle system and the associated parameter 
matching relationship. Therefore, suspension parameter optimisation needs to be revis-
ited within this strategy framework. Meanwhile, since equivalent conicity is difficult to 
measure directly in service but is closely correlated with vehicle dynamic responses, it can 
be indirectly observed from operational monitoring data. Accordingly, this chapter dis-
cusses suspension parameter optimisation and equivalent conicity observation under the 
staged strategy.

3.1. Suspension parameter optimization based on the staged yaw damper strategy

Based on the results presented in Section 2, six suspension parameters were selected as the 
optimisation variables. To ensure the reliability of the optimisation results, the SIMPACK 
multibody dynamics model was employed as a high-fidelity evaluator to assess the dynamic 
performance of candidate parameter combinations under unified operating conditions. 
The accuracy of this model has been validated in previous studies [29].

3.1.1. Modelling of multi-condition objective functions and constraints
In multi-objective optimisation, there is generally no unique optimal solution; instead, 
a set of non-dominated compromise solutions is obtained, whose mapping in the objec-
tive space constitutes the Pareto front. Subject to the dynamic constraints, the suspension 
parameters are optimised within their prescribed ranges to obtain the Pareto-optimal 
compromise solution set for dynamic performance.

Based on the dynamic characteristics of primary and secondary hunting, the dynamic 
performance indices considered in this study include wheelset lateral force on a long 
straight track, wear performance, bogie lateral acceleration, and ride comfort. Among 
them, the wheelset lateral force FEN and the bogie lateral acceleration AEN are mainly used 
to characterise secondary hunting stability, and their evaluation is based on the European 
standard EN 14363 [30]. The lateral axle box force and the bogie-frame lateral acceleration 
were processed using a band-pass filter with a passband of f 0± 2Hz, where f 0 denotes 
the dominant frequency under unstable running conditions. Additionally, a sliding root 
mean square (RMS) method was applied, with a window length of 100m and a step length 
not exceeding 10m. For the locomotive considered in this study, the instability limits are 
32.8 kN and 3.9m/s2 for the wheelset lateral force and bogie-frame lateral acceleration, 
respectively.

A wear number index (WNI) is introduced to characterise wear performance, and is 
defined as follows:

WNI =
1

te − ts

∫︂ te

ts
(Txγx + Tyγy)dt (12)

where Tx is the longitudinal creep force, Ty the lateral creep force, γx the longitudinal creep-
age, γy the lateral creepage, ts the simulation start time and te the end time. The Sperling 
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Table 2. Four dynamic indicators and their maximum deviation coefficients.

Objective symbol λ (max-deviation coefficient) Original unit Description

FEN 0.4 kN Wheelset lateral force
WNI 0 N Wear number index
AEN 0.4 m/s2 Bogie-frame lateral acceleration
Wy 0.6 Dimensionless Sperling lateral ride comfort index

index is used to quantify lateral ride comfort and is therefore adopted to evaluate primary 
hunting stability [31]. It is defined as follows:

Wy = 3.57 10

√︄
Ay

3

f
Fy(f ) (13)

where Ay is the lateral acceleration amplitude in the frequency domain, f  is the correspond-
ing frequency, and Fy(f ) is the frequency correction coefficient. For passenger vehicles, the 
limit values of ride comfort are 2.5, 2.75, and 3.0 for excellent, medium and qualified lev-
els, respectively. Generally speaking, the excellent level is required during vehicle operation 
[1].

Five typical wheel–rail contact conditions were selected, with nominal equivalent conic-
ities of 0.05, 0.11, 0.32, 0.48, and 0.68, respectively, to represent the differences in contact 
geometry at different wear stages. For each set of suspension parameters, the dynamic 
performance indices were evaluated under all five conditions. To account for robustness 
across multiple operating conditions without increasing the dimensionality of the objec-
tive space, and to facilitate result analysis, a multi-condition aggregation approach was 
adopted to map the responses of each dynamic index under the five conditions into a single 
scalar objective. In this aggregation form, a penalty for the deviation associated with the 
most unfavourable condition is introduced in addition to the mean term. The resulting 
multi-condition aggregated objective is defined as follows:

J = µ+ λ3 (14)

where µ denotes the mean value, 1 represents the maximum deviation, and λ is the max-
imum deviation coefficient, which reflects the degree of emphasis placed on the most 
adverse operating conditions for the given indicator. The specific values of the maximum 
deviation coefficients for the four dynamic indicators are listed in Table 2.

The maximum deviation coefficients in Table 2 define the penalty weights for 
unfavourable operating conditions. For WNI, which mainly reflects long-term accumu-
lated wear, the mean value is more important than the peak under a single condition, so its 
coefficient is set to 0. For FEN and AEN, which are related to running safety, vehicle load-
ing, and fatigue risk, a balanced coefficient of 0.4 is used. For Wy, which directly affects ride 
comfort and service quality, a higher coefficient of 0.6 is adopted to penalise deterioration 
under individual conditions.

To eliminate the dimensional and magnitude differences among various dynamic indi-
cators and to facilitate the horizontal comparison of multi-objective results, the aggregated 
objectives are further normalised. Assuming the decision vector of the baseline scheme 
(original suspension parameters) is denoted as x0, and its aggregated objective obtained 
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under the same evaluation procedure and the five-condition set is J(x0), the normalised 
objective for any candidate suspension parameter vector x is defined as follows:

J̃(x) =
J(x)
J(x0)

(15)

Consequently, the core of the optimisation problem lies in finding the optimal design val-
ues for the decision vector x within the lower bound lb and upper bound ub, in order to 
minimise the objective functions listed in Table 2. Simultaneously, curve negotiation safety 
criteria must be satisfied: the state coefficient is set to Sc = 1 if the safety conditions are met 
[30], and Sc = 0 otherwise. In summary, the multi-objective optimisation problem can be 
formulated as follows:⎧⎪⎨⎪⎩

Minimize: ̃J(x) = {FEN(x),WNI(x),AEN(x),Wy(x)}
Find: x = [Kpx,Csx,Csy,Knx,Ksz,Ksx]T

Subject to: Sc(x) = 1, lb ≤ x ≤ ub
(16)

3.1.2. Construction of the model-data synergy surrogate model
The diversity of wheel-rail contact and the iterative optimisation of suspension param-
eters make direct global search with the high-fidelity SIMPACK model computationally 
expensive. To improve efficiency, a model–data synergy surrogate modelling framework is 
adopted, as shown in Figure 6. Measured wheel and rail profiles are used to represent con-
tact geometry states, and offline SIMPACK simulations are performed to generate training 
samples. The surrogate model then maps wheel-rail geometry and suspension parameters 
to dynamic performance indices. During optimisation, it is used for rapid evaluation, while 
selected candidates are rechecked using the high-fidelity model.

In the sample construction stage (upper-left panel of Figure 6), a hybrid sampling 
strategy combining regular DOE sampling and Hammersley-sequence augmentation is 
adopted. DOE ensures baseline coverage of the design space, while the Hammersley 
sequence improves sample uniformity. Redundant samples are removed using a minimum-
distance criterion. SIMPACK simulations are then performed for the selected inputs X to 
obtain outputs Y , forming a dataset (X,Y) with 105 samples. The inputs include wheel–rail 
geometric states and suspension parameters, and the outputs include four straight-track 
dynamic indices and the curve-negotiation feasibility indicator Sc.

In the surrogate-model training stage (right panel of Figure 6), a combined 
classification-and-regression structure is adopted. First, a feasibility classifier is trained 
to determine whether the curve negotiation safety constraint is satisfied. Then, based on 
the feasible samples, four regression surrogate models are established to predict different 
dynamic performance indices. The regression part uses LSBoost (least squares boosting), 
a decision-tree-based ensemble method, to approximate the target functions by iteratively 
adding weak learners. Specifically, at the m-th iteration, a regression tree hm(x) is trained 
using the residual

rm = y− Fm−1(x) (17)

and the model is updated with learning rate ηas

Fm(x) = Fm−1(x)+ ηhm(x) (18)
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Figure 6. Model-data synergy LSBoost surrogate modelling framework for hybrid sampling, surrogate 
training, and optimisation with high-fidelity validation.

After M iterations, the final model FM(x)is obtained. In this study, M = 500, η = 0.1, and 
the minimum leaf size is set to 20 (MinLeafSize = 20).

In the validation and optimisation stage (lower-left panel of Figure 6), the surrogate 
model is used in place of the high-fidelity model for rapid evaluation and iterative search 
over a large number of candidate solutions. Meanwhile, several representative candidate 
solutions or Pareto-front points are re-evaluated in SIMPACK to verify the consistency 
between the surrogate predictions and the high-fidelity results. When necessary, these val-
idated samples are fed back into the training dataset to further improve the reliability of 
the surrogate model.

After the surrogate model was trained, 200 suspension parameter combinations were 
randomly sampled within the prescribed parameter ranges for both dynamic simulations 
and surrogate-model predictions. The results show that the coefficients of determination 
for all dynamic performance indices are greater than 0.99, thereby confirming the high 
predictive accuracy of the surrogate model.

3.1.3. Pareto front analysis and scheme comparison
Based on the LSBoost surrogate model, a hybrid evolutionary framework (GA–PSO) is 
used to solve the multi-objective suspension-parameter optimisation problem. The Pareto 
front of the four objectives, expressed in terms of aggregated and normalised metrics, is 
shown in Figure 7. The three axes correspond to the wheelset lateral force FEN, the wear 
number index (WNI), and the lateral ride comfort index Wy, respectively. The colour map 
indicates the lateral acceleration of the bogie frame, AEN, where darker colours correspond 



16  H. LI ET AL.

Figure 7. Pareto front of aggregated and normalised objectives: (a) FEN-Wy plane; (b) WNI-Wy plane.

to lower values. Dominated solutions are marked with the symbol ‘+’ to provide a visual 
contrast with the Pareto-front solutions and thereby enhance the presentation of the front.

The obtained Pareto front clearly reveals the trade-offs among the objectives, and the 
suspension-parameter set can be selected from the non-dominated solutions according to 
specific design preferences. To support decision making and extract representative designs 
from the Pareto set, a weighted-sum scalarization is adopted to combine the four nor-
malised objectives into a single composite score. It should be noted that the weighting 
coefficients are not used to generate the Pareto front, but only to identify representative 
solutions from the obtained non-dominated set according to different design preferences.

In this scalarization, the weighting coefficients are assigned after normalisation of all 
objectives; therefore, they represent relative design preferences rather than dimensional 
scaling factors. A unit weight of 1.0 was first taken as the neutral preference for each objec-
tive, so that the total coefficient sum was kept equal to 4.0 in both composite functions. 
This setting keeps the two scalarized objectives comparable and avoids changes in the total 
weight magnitude affecting the composite score. Since FEN and AEN are both safety-related 
indicators associated with running stability assessment, they were treated as a coupled 
stability requirement. Therefore, the total weight assigned to these two indicators was 
kept identical in the two preference scenarios, i.e. 0.8+ 0.8 = 1.6, ensuring that the basic 
running-safety requirement was not weakened when another performance aspect was 
emphasised. The remaining emphasis was assigned to the application-dependent objec-
tive. For the first preference scenario, later denoted as Opt1, a larger coefficient is assigned 
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Table 3. Suspension parameter values of the optimised schemes.

Scheme Kpx (kN/mm) Csx (kN·s/m) Csy (kN·s/m) Knx (kN/mm) Ksz (kN/mm) Ksx (kN/mm)

Opt1 23.3 739.2 43.9 11.0 1.44 0.18
Opt2 19.3 738.5 55.4 10.5 1.36 0.24
Original value 34.2 500 60 8 1.11 0.33

to Wy to represent a ride-quality-oriented design, while WNI retains a secondary coef-
ficient. For the second preference scenario, later denoted as Opt2, a larger coefficient is 
assigned to WNI to represent an operation-economy-oriented design associated with lower 
wheel wear, while the ride-quality objective retains a secondary coefficient. Therefore, the 
following scalarized objectives are not intended to define a universally optimal weighting 
scheme, but to provide two representative preference settings for extracting typical solu-
tions from the Pareto front. Accordingly, the two composite objectives used for selecting 
representative solutions from the Pareto front are defined as{︄

Opt1 = 0.8FEN + 0.8WNI + 0.8AEN + 1.6Wy

Opt2 = 0.8FEN + 1.6WNI + 0.8AEN + 0.8Wy
(19)

Based on Equation (19), the solution with the minimum value of each composite objec-
tive is selected from the Pareto front. The two resulting optimised configurations are 
denoted as Opt1 and Opt2, which correspond to the preference for improved ride quality 
and the preference for better operational economy, respectively. In addition, two refer-
ence configurations are introduced for comparison with the optimised schemes: Ref.Fixed, 
which uses the original suspension parameters with a fixed yaw damper configuration, and 
Ref.Staged, which uses the original suspension parameters with the staged yaw damper 
strategy enabled. Accordingly, four configurations, namely Ref.Fixed, Ref.Staged, Opt1, 
and Opt2, are highlighted in Figure 7.

As shown in Figure 7, both Opt1 and Opt2 significantly improve the dynamic perfor-
mance compared with the original scheme. Specifically, for Opt1, the wheelset lateral force 
and bogie-frame lateral acceleration are both reduced by approximately 10%, while the 
wear performance is improved by nearly 20%. Opt2 achieves substantial improvements 
in the wheelset lateral force and wear performance while causing almost no change in 
the ride-comfort index. Applying the staged yaw damper strategy to the original suspen-
sion parameters can also slightly improve the wear and ride-comfort indices, although the 
overall effect remains limited.

The specific suspension parameter values for the optimised schemes are presented in 
Table 3.

As shown in Table 3, the yaw damper damping and yaw damper stiffness values of Opt1 
and Opt2 are very close to each other, and both are approximately 1.5 times those of the 
original parameter set. Compared with Opt1, Opt2 adopts a smaller primary longitudinal 
stiffness and a larger secondary lateral damper damping. This adjustment sacrifices part of 
the ride comfort in exchange for improved wear performance.

SIMPACK simulations are subsequently performed for these configurations to vali-
date the accuracy of the surrogate predictions, with the validation results illustrated in
Figure 8.
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Figure 8. Validation of simulation-prediction agreement for four dynamic indicators under different 
nominal equivalent conicity levels.

As shown in Figure 8, the surrogate-model predictions agree well with the dynamic 
simulation results, further confirming the reliability of the surrogate-model-assisted opti-
misation results. In this study, all computations were performed on a PC equipped with 
Windows 10, 64 GB RAM, and an AMD 7950X processor. Under the same hardware 
configuration and operating conditions, direct multi-objective optimisation based on 
the dynamic model generally requires more than one month, whereas the surrogate-
model-assisted optimisation takes approximately 2 h. This indicates that the proposed 
surrogate-model-assisted multi-objective optimisation method significantly improves the 
optimisation efficiency.

Opt1 exhibits excellent ride comfort, whereas Opt2 achieves lower wheel-rail interaction 
forces and better wear performance. The differences in dynamic performance among the 
schemes also demonstrate the effectiveness of the multi-condition aggregation method. 
The validated designs are used in the next section for full-life-cycle wear simulations and 
performance assessment.
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Figure 9. Closed-loop framework for yaw damper staged configuration based on equivalent conicity 
observation.

3.2. Equivalent conicity observation for staged configuration

Equivalent conicity characterises wheel–rail contact geometry and matching state, and its 
evolution directly affects vehicle dynamic performance. Compared with wear depth or 
tread-profile parameters, it better reflects the dynamic influence of wheel–rail matching 
and is therefore suitable as the criterion for staged configuration and maintenance trigger-
ing. Based on locomotive design experience and the analysis in Section 2.3, the thresholds 
are set to 0.1 for yaw-damper switching and 0.7 for wheel reprofiling.

Since nominal equivalent conicity cannot be measured directly during operation, axle-
box lateral acceleration is used as the input of the observation model, while the corre-
sponding nominal equivalent conicity is used as the output. An RBF-SVR-based observer 
is constructed to establish this mapping. Based on the observer, a closed-loop framework 
for staged yaw-damper configuration is established, as shown in Figure 9.

Axle-box lateral acceleration is collected and input into the equivalent-conicity 
observer. After demeaning, detrending, and normalisation, features including root mean 
square, kurtosis, dominant frequency, and band energy are extracted for online conicity 
estimation. The yaw-damper configuration is then adjusted according to the estimated 
conicity level. Once the maintenance threshold is reached, wheel reprofiling is performed 
to restore the tread profile, forming a closed loop among wear evolution, state identifica-
tion, configuration adjustment, and profile restoration.
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Figure 10. Framework of the full-life-cycle wheel wear simulation.

4. Full-life-cycle wheel wear simulation validation and comparative analysis 
of the optimised schemes

In this section, a high-fidelity wear prediction model is employed to systematically analyse 
the wear evolution, wheel-rail matching state, and dynamic performance variation of the 
four schemes obtained in Section 3 over the service mileage range, so as to validate the 
effectiveness of the optimised schemes.

4.1. Simulation framework and description of evaluation indices

The full-life-cycle wheel wear simulation is implemented through the joint use of SIM-
PACK and MATLAB, and its basic workflow is shown in Figure 10. First, time-integration 
simulations are performed in SIMPACK to extract the wheel-rail contact parameters. 
Then, the wheel wear distribution is calculated in MATLAB with non-Hertzian correction. 
Finally, the updated wheel profile is re-imported into SIMPACK to start the next iteration 
of the simulation.

Several points regarding the full-life-cycle wheel wear simulation should be clarified. 

• The total simulated mileage is 200,000 km, and the wheel profile is updated every 
5,000 km. Within each update interval, the actual time-integration simulation is car-
ried out over 10 km. Therefore, the wear results obtained in each interval are scaled up 
by a factor of 500.

• In the track conditions, straight sections account for 80% of the route, and the curve 
radius ranges from 800 to 20,000m.

• The wear values of the left and right wheels are averaged, and the wear values of the 
wheelsets located at longitudinally symmetric positions are also averaged.

• The wheel wear results are presented and analysed using the most severely worn 
wheelset.

• During the time-domain integration, wheel-rail contact forces are calculated using 
Hertzian contact theory and the FASTSIM algorithm. In the wear calculation stage, a 
non-Hertzian contact model is employed to obtain the normal force distribution within 
the contact patch, based on which the material removal is redistributed.
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After the wheel-rail contact state variables are exported from SIMPACK, the local 
normal compression c(y) in the wheel-rail contact region is obtained. Based on the semi-
analytical strip method, the longitudinal half-length of each transverse strip is given 
by:

a(y) =
√︁
2R0 c(y) (20)

where R0 is the nominal rolling radius. The total normal force carried by each strip is then 
approximated by

Fstrip(y) =
π

4
E∗ c(y)

√︁
2R0 c(y) (21)

where E∗is the equivalent elastic modulus. Accordingly, the weighting factor used for wear 
redistribution is defined

ω(y) =
Fstrip(y)
∫ Fstrip(y) dy

(22)

The total material removal predicted by the original Hertzian-FASTSIM-based wear cal-
culation is then redistributed among the strips according to ω(y), while keeping the total 
wear amount unchanged. This correction method achieves a good balance between com-
putational accuracy and efficiency. A more accurate conformal contact model can be found 
in another study by our research group [32].

The evaluation indices used in this chapter include wear-related, wheel-rail match-
ing, and dynamic-performance indices. Specifically, wear performance is evaluated by the 
wheel wear depth, the wheel-rail matching state is characterised by equivalent conicity, and 
the dynamic performance is assessed using the wheelset lateral force FEN , the bogie-frame 
lateral acceleration AEN , and the Sperling lateral ride comfort index Wylisted in Table 2.

4.2. Analysis of wear evolution and wheel-rail matching states

To compare the wheel wear evolution of different schemes over the full life cycle, Figure 
11 presents the wheel tread profiles after 200,000 km of service mileage, the correspond-
ing wear distributions, and the variation in maximum wear depth with mileage for the 
four schemes. The comparison shows clear differences in tread wear evolution among the 
schemes. Among them, Ref.Fixed exhibits the most severe wear, whereas the staged con-
figuration strategy and the further optimisation of suspension parameters both suppress 
wear to different extents.

As shown in Figure 11(a), after 200,000 km, the tread profiles of all four schemes evolve 
markedly, mainly in the working region. Ref.Staged mitigates the evolution compared with 
Ref.Fixed, while Opt1 and Opt2 provide further improvement. Figure 11(b) shows simi-
lar peak wear positions among the schemes, suggesting that their main effect is to reduce 
wear magnitude rather than change wear location. Opt2 gives the smallest wear peak. As 
shown in Figure 11(c), the maximum wear depth increases with mileage, with the overall 
level decreasing from Ref.Fixed to Ref.Staged, Opt1, and Opt2. Thus, the staged configura-
tion slows wear accumulation, and optimised suspension parameters further enhance wear 
control. The resulting changes in wheel–rail matching are therefore examined through 
equivalent conicity.
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Figure 11. Comparison of tread wear under different schemes: (a) tread profiles at 200,000 km; (b) wear 
distribution at 200,000 km; (c) evolution of maximum wear depth.

Figure 12 presents the equivalent conicity curves at 50,000, 100,000, 150,000, and 
200,000 km. The scheme differences are minor in the early stage but become clear with 
increasing mileage, especially at 200,000 km. Opt1 and Opt2 show more gradual conic-
ity evolution, whereas Ref.Fixed exhibits a stronger upward shift in the later stage. This 
indicates that the staged configuration and parameter optimisation can reduce wear 
accumulation and delay the deterioration of wheel–rail matching.

Figure 13 shows the variation in nominal equivalent conicity with mileage. In the early 
stage, all schemes remain low and close to each other. With increasing mileage, the curves 
gradually diverge. Opt2 shows the slowest increase, followed by Opt1 and Ref.Staged, while 
Ref.Fixed rises most rapidly and reaches the highest final value. This indicates that the 
staged configuration and suspension-parameter optimisation can delay the increase in 
nominal equivalent conicity and slow the deterioration of wheel–rail matching.

Using 0.1 as the switching threshold, Ref.Fixed and Opt1 exceed this value after 
135,000 km, while Opt2 and Ref.Staged exceed it after 145,000 km. Therefore, Opt1 
switches to two yaw dampers on each side from 140,000 km, whereas Opt2 and Ref.Staged 
switch from 150,000 km. Ref.Fixed enters the high-conicity range earlier but remains 
unchanged due to its fixed configuration. This shows that different suspension schemes 
influence both wear evolution and subsequent dynamic performance through changes in 
wheel–rail contact geometry.
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Figure 12. Comparison of equivalent conicity curves under different schemes at representative mileage 
nodes.

Figure 13. Variation in nominal equivalent conicity with mileage under different schemes.
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Figure 14. Evolution of dynamic performance indices with mileage under different schemes.

4.3. Dynamic performance evolution

To further evaluate the evolution of dynamic performance under different schemes over 
the full life cycle, Figure 14 presents the variations of FEN , AEN , and Wy with mileage for 
the four schemes. Overall, as the mileage increases, the wheel-rail matching state contin-
ues to evolve, and the lateral dynamic responses of the vehicle gradually become stronger. 
Meanwhile, near the staged yaw damper switching nodes, all dynamic performance indices 
exhibit certain stage-wise adjustment characteristics.

As shown in Figures 14(a and b), FEN and AEN exhibit similar trends, increasing grad-
ually with mileage. Before damper switching, the staged schemes produce slightly higher 
values than Ref.Fixed, but they remain far below the later-stage levels and the limits asso-
ciated with stability deterioration. After the switching criterion is reached, both responses 
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drop noticeably from 140,000 km for Opt1 and from 150,000 km for Opt2 and Ref.Staged, 
indicating that the staged configuration effectively suppresses lateral dynamic responses in 
the later service stage.

As shown in Figure 14(c), Wy varies more mildly, although differences among the 
schemes remain clear. Opt1 maintains the lowest Wyover the service life, followed by 
Opt2 and Ref.Staged, whereas Ref.Fixed remains higher. Despite slight fluctuations near 
the switching nodes, the optimised schemes show better ride-comfort evolution over the 
full life cycle.

Overall, the staged configuration emphasises later-stage robustness rather than instan-
taneous optimality at each mileage node. Together with the wear and conicity results, it 
balances wear control and dynamic-performance retention over the full life cycle. Opt1 
performs slightly better in ride comfort, but Opt2 provides the best overall balance in 
wheel-rail force, stability, ride comfort, and wear control, and is therefore recommended 
for practical implementation.

5. Conclusions

This study investigated the hunting stability degradation induced by wheel wear during 
high-speed locomotive service. By establishing a linear dynamic model and a full-life-cycle 
wear simulation framework, the coupling mechanisms among suspension parameters, 
wheel-rail contact geometry, and hunting stability were systematically analysed. Further-
more, a supervisory staged yaw damper configuration method was proposed to adapt 
suspension configuration to wheel-rail contact geometry evolution. The main conclusions 
are summarised as follows: 

(1) The low-equivalent-conicity state and high-equivalent-conicity state trigger pri-
mary and secondary hunting instabilities, respectively. Because the suspension 
requirements for mitigating these two modes fundamentally conflict, conventional 
fixed parameters cannot simultaneously satisfy the stability demands across the 
entire service life. This conflict is the main mechanism limiting the adaptability 
of fixed-parameter suspension systems during long-term operation.

(2) Root locus analysis identified the primary longitudinal stiffness, yaw damper 
damping, secondary lateral damper damping, yaw damper stiffness, secondary ver-
tical stiffness, and secondary longitudinal stiffness as the key parameters affecting 
hunting stability under different equivalent-conicity conditions. Within the param-
eter ranges considered, reducing the primary longitudinal stiffness improves wear-
related performance, whereas reducing the secondary lateral damper damping 
improves ride comfort. These results clarify the suspension-parameter sensitivity 
associated with different instability modes and provide the basis for stability-
oriented parameter matching.

(3) The staged yaw damper configuration strategy based on nominal equivalent conic-
ity thresholds can effectively adapt to the evolution of the wheel-rail matching 
state. Switching from one yaw damper per side to two at discrete mileage nodes 
suppresses the growth of lateral dynamic responses in the later service stage. The 
threshold-reaching mileage differs among schemes, indicating that suspension 
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design significantly affects the evolution rate of wheel-rail matching states and the 
hunting stability margin during service.

(4) Full-life-cycle wear simulations show that, compared with the fixed-configuration 
scheme, the staged configuration strategy slows wheel tread evolution and improves 
wear control, while further suspension-parameter optimisation enhances this 
effect. Among the investigated schemes, Opt2 provides the best wear suppression 
and equivalent-conicity control while maintaining favourable dynamic perfor-
mance. Therefore, Opt2 is recommended as the preferred engineering scheme for 
practical implementation. This scheme effectively improves wheel-rail matching-
state preservation, reduces wheelset lateral forces, and enhances hunting stability, 
ride quality, and wear-related performance over the full life cycle.

Overall, combining the staged yaw damper configuration strategy with suspension-
parameter optimisation provides a practical way to balance wheel wear control, preser-
vation of wheel-rail matching states, and maintenance of dynamic performance. It also 
provides a state-dependent suspension configuration approach for maintaining robust 
dynamic performance under wheel-rail contact geometry evolution. Future work will focus 
on the engineering implementation of the equivalent-conicity observer and validation of 
the proposed strategy under broader operating conditions.
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